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Zusammenfassung

Hintergrund

Charakteristisch fiir Patienten mit einer Schizophrenie sind Defizite in exekutiven Funktionen
und Aufmerksamkeit sowie Storungen im episodischen und Arbeitsgedidchtnis. Diese
reduzieren das Funktionsniveau und die Lebensqualitit der Patienten wesentlich. Die Defizite
zeigen sich vor, wihrend und nach der ersten Psychose und sind assoziiert mit strukturellen
Verinderungen in prifrontalen und temporalen Hirnregionen. Trotz umfangreicher Forschung
sind die neuronalen Mechanismen der Kognitionsdefizite bei Schizophrenie unklar.
Diagnostisch erschwerend ist die unterschiedliche Ausprigung der Beeintrichtigungen — etwa
25% der Patienten erzielen in neuropsychologischen Tests dhnliche Leistungen wie gesunde
Kontrollen. Wir adressierten diese Heterogenitit, indem wir neuronalen Korrelate von zwei
Kognitionsprofilen bei einer Stichprobe von Patienten mit Schizophrenie (SP), gesunden
Kontrollprobanden (HC) und Verwandten (UR) mittels maschinellen Lernens untersuchten.
Mittels eines Random-Forrest-Modell (RF) analysierten wir strukturelle Bildgebungsdaten, um
zu identifizieren, ob und welche Gehirnregionen eine hohe (HighCog) und eine niedrige
(LowCog) kognitive Leistung bei Schizophrenie mit einer Genauigkeit von iiber 50%

vorhersagen konnen.

Methoden

Wir untersuchten das Gehirnvolumen mittels T1 Magnetresonanztomographie (MRI,
MPRAGE Sequenz) in 54 SP, 54 HC und 19 UR. Im Anschluss untersuchten wir das
episodische Gedéchtnis, die Aufmerksamkeit, exekutive Funktionen und das Arbeitsgedéchtnis
mit dem Verbalen Lern- und Merkféahigkeitstest (VLMT), dem Digit Symbol Substitution Test
(DSST), dem Trail Making Test A und B (TMT-A, TMT-B) und dem Digit Span Task (DST).
Die Testergebnisse wurden standardisiert (z-Transformation), gewichtet und zu einem globalen
Kognitionsindex gemittelt. Patienten mit einem Kognitionsindex bis zu oder iiber 1 SD des
kumulierten Durchschnitts von SP und UR wurden den Untergruppen HighCog (n = 13) bzw.
LowCog (n = 41) zugeordnet. AnschlieBend klassifizierten wir HighCog und LowCog mittels
eines RF-Algorithmus mit volumetrischen Daten von SP, HC und UR und definierten die
relevantesten Gehirnstrukturen fiir die Vorhersage. Dariiber hinaus fiihrten wir mehrere
Regressionsanalysen durch, um die Beziehung zwischen der Kognition und den Volumina der
sieben wichtigsten Regionen zu untersuchen. Schlieflich verwendeten wir multivariate

(MANOVA) und univariate Varianzanalysen (ANOVA), um Unterschiede zwischen den
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Studienpopulationen (SP vs. HC vs. UR) und zwischen den kognitiven Profilen (HighCog vs.

LowCog) in den Volumina der Hirnregionen zu ermitteln.

Ergebnisse

Die RF unterschied zwischen den beiden kognitiven Profilen mit einer Genauigkeit
(Sensitivitit/Spezifitit) von 62,1% (62,1%/76,0%) und einer ausgeglichenen Genauigkeit
(BAC) von 69,0%. Dariiber hinaus wurden Volumina der grauen Substanz (GM) von Regionen
im prifrontalen, temporalen, parietalen und okzipitalen Lappen als relevant fiir die
Klassifizierung identifiziert. Die ermittelten Hirnregionen hatten relativ kleine
Wichtigkeitswerte von 0,01 bis 0,03 und umfassten den rechten dorsolateralen Gyrus frontalis
superior, den linken und rechten Gyrus frontalis medius, den linken operculare Gyrus frontalis
inferior, den rechten Gyrus lingualis, den rechten Gyrus supramarginalis, und den linken Gyrus
temporalis superior. Die anschliefende Regressionsanalyse zeigte, dass groBe GM-Volumina
aller Regionen, auBer des linken Gyrus frontalis medius, eine gute kognitive Leistung in der
gesamten Stichprobe signifikant vorhersagen (alle p < 0,001). AuBerdem stellten die
MANOVA und ANOVAs in allen Regionen signifikant geringere GM-Volumina in SP im
Vergleich zu UR und HC fest (alle p <0,003). Allerdings hatten SP und UR ein grof3eres GM-
Volumen des linken Gyrus frontalis medius als HC. Entgegen unserer Hypothese zeigten die
Regressionsanalysen keine signifikanten Beziehungen zwischen den wichtigsten Hirnregionen
und dem Kognitionsindex in SP. Dariiber hinaus gab es keine Gruppenunterschiede bei den

GM-Volumina zwischen HighCog und LowCog.

Diskussion und Perspektive

Der aktuelle RF-Algorithmus mit volumetrischen Gehirndaten von Patienten, gesunden
Verwandten und Kontrollen, konnte erfolgreich konservierte und beeintrichtigte Kognition bei
Schizophrenie klassifizieren. Das Modell erreichte Vorhersagewerte im Einklang mit fritherer
Forschung und identifizierte Gehirnstrukturen, die mit Arbeitsgedédchtnis, Aufmerksamkeit
und verbaler Verarbeitung in Verbindung stehen. Die beiden kognitiven Profile unterschieden
sich nicht in der Gehirnmorphologie, was eine Uberlappung der zugrunde liegenden kortikalen
Muster impliziert. Im Vergleich zu HC und UR hatten die Patienten signifikant geringere GM-
Volumina in den relevantesten Regionen, was auf deren Potenzial als endophenotypische
Marker bei Schizophrenie hinweist. Zukiinftige Forschung sollte unsere Ergebnisse in einer
groBBeren Stichprobe kreuzvalidieren und sie mit multimodaler Bildgebung, Genetik und
soziokulturellen Daten kombinieren, um Erkenntnisse iiber die bei der Schizophrenie

beeintrichtigten Kognition und deren zugrundeliegende Mechanismen zu gewinnen.
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Abstract

Background

Deficits in executive functions, attention, episodic and working memory are characteristic of
schizophrenia and lead to poor functional outcome and life quality. Previous research
demonstrated their prevalence prior, during, and after the first onset of psychosis and linked
them to altered prefrontal and temporal structures. Moreover, cognitive impairment in
schizophrenia is associated with genetic factors and, thus, a fundamental component in modern
etiology models. Despite extensive research in recent years, the neuronal mechanisms of
cognition in schizophrenia are still poorly understood. One of the main difficulties is the
observed heterogeneity, with approximately 25% of patients performing similarly to healthy
controls in neuropsychological tests. In the current work, we addressed this issue by applying
machine learning to investigate brain morphological correlates of two cognitive profiles in
schizophrenia in a sample of patients (SP), healthy controls (HC), and unaffected relatives
(UR). Specifically, we used a random forest (RF) model with neuropsychological and structural
imaging data to identify if and which brain regions could predict high (HighCog) and low

(LowCog) cognitive performance in schizophrenia with accuracy above 50%.

Methods

We measured brain volume via T1-weighted magnetic resonance imaging (MPRAGE MRI) in
54 SP, 54 HC, and 19 UR. We then assessed episodic memory, attention, executive functioning,
and working memory using the Verbaler Lern- und Merkfahigkeitstest (VLMT: Verbal
Learning and Memory Test), Digit Symbol Substitution Test (DSST), and the Trail Making
Test A and B (TMT-A, TMT-B), and the Digit-Span-Task (DST). Test scores were
standardized (z-transformation), weighted, and averaged into a global cognition index. Patients
with a cognition index up to or above 1 SD of the cumulated average of SP and UR were
assigned to HighCog (n = 13) and LowCog (n = 41) subgroups, respectively. We then
conducted an RF analysis using volumetric data of SP, HC, and UR to classify HighCog and
LowCog and to define the most relevant brain structures for the prediction. Furthermore, we
performed several subsequent regression analyses to investigate the relationship between
cognition and the volumes of the top seven regions. Finally, we used multivariate (MANOVA)

and univariate analyses of variance (ANOVA) to detect differences between study populations



(SP vs. HC vs. UR) and between cognitive profiles (HighCog vs. LowCog) in the volumes of

the seven most important brain regions.

Results

As expected, the RF distinguished between the two cognitive profiles with an accuracy
(sensitivity/specificity) of 62.1% (62.1%/76.0%) and balanced accuracy (BAC) of 69.0%.
Furthermore, it identified grey matter (GM) volumes of regions in the prefrontal, temporal,
parietal, and occipital lobe as most relevant for the classification. The top seven brain regions
with relatively small importance values of .01 —.03 were the right dorsolateral Superior Frontal
Gyrus, left and right Middle Frontal Gyrus, left opercular Inferior Frontal Gyrus, right Lingual

Gyrus, right Supramarginal Gyrus, left Superior Temporal Gyrus.

The subsequent regression analysis demonstrated that large GM volumes of all regions, but the
left Middle Frontal Gyrus, significantly predict good cognitive performance in the whole study
sample (all p <.001). Moreover, the MANOVA and ANOV As revealed significantly smaller
GM volumes in SP compared to UR and HC in all regions (all p <.003). Only GM volumes of
the left Middle Gyrus SP and UR had a larger GM volume than HC.

Against our hypothesis, regression analyses between the most important brain regions and the
cognition index in SP yielded no significant results. Moreover, there were no significant group

differences in GM volumes between HighCog and LowCog.

Discussion and Perspective

The current RF algorithm with volumetric brain data from patients, healthy relatives, and
controls successfully classified between preserved and compromised cognitive functioning in
schizophrenia. The model achieved prediction values in line with previous research and
identified brain structures associated with working memory, attention, and verbal processing.
However, the two cognitive profiles did not differ in brain morphology, implying overlapping
of the underlying cortical patterns. Nevertheless, compared to HC and UR, patients had
significantly smaller GM volumes in the most relevant regions, suggesting their potential as
endophenotypic markers in schizophrenia. Future research should cross-validate our findings
in a larger sample and combine them with multimodal imaging, genetics, and social-cultural

data to further unravel the mechanisms of cognition in schizophrenia.
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1 INTRODUCTION 1

1. Introduction

Schizophrenia is a severe neuropsychiatric disorder that affects approximately 1% of
the world’s population. Despite the low prevalence, it is one of the leading causes for health
burden and disability (James et al., 2018; Whiteford et al., 2013) and thus an immense
economic strain on health systems in Germany (Frey, 2014) and worldwide (Chong et al.,
2016). Typically, patients experience distortions in thinking, perception, and behavior reflected
in symptoms like delusions, hallucinations, apathy, and avolition (DGPPN, 2019). Most
importantly, schizophrenia impairs cognition, decreasing patients’ clinical outcome, social and
occupational status, and quality of life (Green, Kern, Braff, & Mintz, 2000; Harvey et al., 2012;
Hofer et al., 2005). Prior research demonstrated deficits in various domains such as executive
functioning, attention (Orellana & Slachevsky, 2013), language processing (Crow, 1998),
working, and episodic memory (Barch & Ceaser, 2012). These impairments are often present
prior to the onset of the disease (Lencz et al., 2006), stable through its course (Heilbronner,
Samara, Leucht, Falkai, & Schulze, 2016), and associated with abnormalities in prefrontal and
temporal brain structures (Antonova, Sharma, Morris, & Kumari, 2004). Moreover, cognitive
deficits are also observed in healthy first-degree relatives of patients, implying a strong genetic
component and, thus, a fundamental factor in etiology models (e.g. Howes & Murray, 2014).
Despite extensive research on cognitive impairment in schizophrenia, its underlying neural
mechanisms are still unclear. One of the biggest challenges facing researchers is the
heterogeneity of deficits, with previous work reporting ca. 25% of patients having almost
healthy cognitive performance (Joyce & Roiser, 2007). In addition, the understanding of
neuropsychiatric processes requires analysis of complex interactions between brain function,
behavior, and environmental factors, where traditional statistical methods are often insufficient.
Machine learning, however, has the capability to process and integrate big amounts of multi-
dimensional data and thus has the potential to solve this methodological issue (N. Tandon &
Tandon, 2019). In the present study, we applied machine learning to address heterogeneity in
schizophrenia by investigating the neural correlates of different cognitive profiles in a sample
of patients, unaffected relatives, and healthy controls. Upon neuropsychological and structural
imaging data, we aimed to identify, if and which brain structures could predict high and low

neuropsychiatric performance in schizophrenia.



1 INTRODUCTION 2

1.1. Schizophrenia

Definition and diagnostic of schizophrenia have been continuously evolving since the
beginning of the 20t century (R. Tandon, 2012). In 1899, Emil Kraepelin first described it as
“dementia praecox,” a clinical syndrome with an early onset, characterized by neurocognitive
deficits and poor prognosis in contrast to affective disorders (Kraepelin, 1899). Later, Bleuler
(1916) recognized key symptoms such as disorganized thinking and speech and renamed it as
“schizophrenia” (“splitting of the mind”). Schneider (1946) continued the work on the
nosology of schizophrenia by classifying the symptoms in first-rank and second-rank, a concept
that was adopted and further developed by modern classification systems such as the
Diagnostic and Statistical Manual of Mental Disorders (DSM-5) (American Psychiatric
Association, 2013) and the International Classification of Disorders and Related Problems
(ICD-10) (WHO, 1993). Currently, the newest revisions of DSM and ICD try to integrate novel
genetic and neurobiological research findings, to reduce heterogeneity by eliminating subtypes

and introducing new pathological dimensions (R. Tandon, 2012; Zielasek & Gaebel, 2018).

1.1.1. Clinical presentation and diagnosis

Schizophrenia is a complex mental disorder characterized by a broad variety of
symptoms affecting thinking, emotions, motor functions, and behavior (Mehl, Falkenberg,
Leopold, Bechdolf, & Kircher, 2019). The symptoms are usually classified as “positive,”
“negative,” and “cognitive” (Kahn et al., 2015). Positive or psychotic symptoms could be
defined as exceeding the healthy experience and include odd behavior and distortion in thinking
and perception. Specifically, patients often have hallucinations, delusions, disorganized
speech, and appear to have lost sense of reality. In contrast, negative symptoms are
characterized by the impairment or loss of healthy experiences and include social withdrawal,
avolition, and diminished emotional expression. Cognitive symptoms refer to impairment in
cognitive functions such as attention, memory, reasoning, and decision making (Kahn et al.,
2015). For an overview and description of the most common schizophrenia symptoms, see
Table 1. Various factors such as culture (Myers, 2011) and gender (Ochoa, Usall, Cobo, Labad,
& Kulkarni, 2012) could influence the content of symptoms (e.g., the content of delusions), but

not the overall symptom structure.
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Table 1. Overview of schizophrenia symptoms classified as ‘positive,” ‘negative,” and ‘cognitive’ (based on Lincoln, 2018; Mehl et al., 2019).

Symptom

Definition

Positive symptoms

Delusion

Hallucinations

Formal thought disorder

Distortions of self-experience

A personal belief/conviction that is not shared by others and persists despite lack of evidence or even despite
evidence of the contrary. It is often described as bizarre or irrational.
Common delusions: paranoia, grandiosity, delusions of reference
Perceptions that occur without external stimuli. In schizophrenia, they could be:
e acoustic (50% of patients, e.g., hearing voices)
e visual (15% of patients, e.g., seeing points, stars, or even people)
e olfactory
e somatic
Impairment of the thought process and speech. According to Kircher et al. (2018), they could be classified in:
e Positive: increase in speech and thought production. Typical positive formal thought disorders are
loosening of associations, circumstantial thinking, logorrhea (increase in speech production), and
neologisms (using new non-existing words).
e Negative: decrease in speech and thought production. Typical negative formal thought disorders are
poverty of speech (alogia), slowed thinking, thought block.
Experiences where the line between the self and the environment is disrupted. Common symptoms in
schizophrenia are (as first defined by Schneider (1946)):
e thought broadcasting: patients have the feeling that their thoughts are being heard/understand by others

e thought insertion: patients perceive personal thoughts as being inserted/generated by others




1 INTRODUCTION

Symptom

Definition

e thought withdraw: patients have the feeling that their thoughts are being taken away by others
e passivity experiences: patients perceive that emotion, intentions, actions, sensations, or bodily

functions are controlled/generated by others

Negative Symptoms

Blunted Affect

Anhedonia
Avolition

Social withdraw

Patients show no or diminished emotional expressions. They have reduced or “frozen” facial expressions and
reduced emotional responsiveness to the outside world.

Reduced or diminished ability to feel joy, even while participating in usually pleasurable activities

Lack of motivation

Reduction or lack of interest to maintain social contacts and friendships

Cognitive symptoms

Memory

Attention and concentration
Executive functions

Social cognition

Deficits in verbal episodic memory, verbal and visual short-term and working memory (Aleman, Hijman, De
Haan, & Kahn, 1999)

Impairment of information processing, orientation, selective attention (Heinrichs & Zakzanis, 1998)
Impaired planning and reasoning (Orellana & Slachevsky, 2013)

Deficits in the ability to understand and recognize that the thoughts, intentions, and emotions of others are

different from one’s own thought, intentions, and emotions (Theory of mind) (Bora, Yucel, & Pantelis, 2009)
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Schizophrenia is diagnosed based on the criteria of the classification systems DSM-5
or ICD-10! upon psychopathological assessment, medical history, and clinical tests (DGPPN,
2019). In the present work, we applied ICD-10 (German version: Dilling & Freyberger, 2012),
where criteria include positive and negative symptoms, consider their duration, and the course
of the disease (specific criteria are presented in Table 2). ICD-10 distinguishes between several
schizophrenia subtypes (e.g. paranoid schizophrenia, catatonic schizophrenia, schizophrenia
simplex). However, this division in subtypes is poorly supported by research data and is
therefore eliminated in DSM-5 and ICD-11 (R. Tandon, 2012; Zielasek & Gaebel, 2018). To
confirm a diagnosis of schizophrenia, all other possible psychiatric conditions such as
substance addiction, mania or depression, and possible somatic causes such as cerebral injury

or autoimmune encephalitis should be ruled out (DGPPN, 2019).

Table 2. Diagnostic criteria for schizophrenia, according to ICD-10 (WHO, 1993, Chapter
F20 - F29 Schizophrenia, Schizotypal and Delusional Disorders).

G1. Either at least one of the symptoms of a) — d) or at least two of the symptoms of e¢) — h)
should be present for most of the time during an episode of psychotic illness lasting for at least
one month:

a) Thought echo, thought insertion or withdrawal, or thought broadcasting.

b) Delusions of control, influence or passivity, clearly referred to body or limb movements or
specific thoughts, actions, or sensations, delusional perception.

¢) Hallucinatory voices giving a running commentary on the patient's behavior, or discussing
him between themselves, or other types of hallucinatory voices coming from some part of the
body.

d) Persistent delusions of other kinds that are culturally inappropriate and completely impossible
(e.g., being able to control the weather, or being in communication with aliens from another
world.

e) Persistent hallucinations in any modality, when occurring every day for at least one month,
when accompanied by delusions (which may be fleeting or half-formed) without clear
affective content, or when accompanied by persistent over-valued ideas

f) Neologisms, breaks or interpolations in the train of thought, resulting in incoherence or

irrelevant speech.

! ICD-11 is set to be released in Germany on 1. January 2022
(https://www.dimdi.de/dynamic/de/klassifikationen/icd/icd-11). Therefore, in the present work, we focus on
criteria of ICD-10
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g) Catatonic behavior, such as excitement, posturing or waxy flexibility, negativism, mutism
and stupor.

h) “Negative" symptoms such as marked apathy, paucity of speech, and blunting or incongruity
of emotional responses (it must be clear that these are not due to depression or to neuroleptic
medication).

G2. Most commonly used exclusion criteria: If the patient also meets criteria for manic episode
(F30) or depressive episode (F32), the criteria listed under G1 above must have been met before

the disturbance of mood developed.

G3. The disorder is not attributable to organic brain disease (in the sense of F0), or to alcohol-

or drug-related intoxication, dependence or withdrawal.

1.1.2. Epidemiology and prognosis

Patients are usually diagnosed with schizophrenia as young adults with the onset of
positive symptoms, shaping a first psychotic episode. The first psychotic phase is preceded by
a prodromal stage, defined by social withdraw, decline in cognitive functioning, and a negative
affect (Zielasek, Hasan, & Gaebel, 2019). The prodromal stage is often overlooked and could
begin over ten years prior to the first psychosis (Haijma et al., 2013). The acute psychotic
episode is followed by the manifestation of mostly negative symptoms and eventually by a
remission phase (McGlashan & Johannessen, 1996). About 20% of the patients experience a
single schizophrenia episode, about 30% have multiple episodes with full remission in-
between. In the rest 50% of the patients the disease has a chronic course, with the majority
(40%) progresses with increasing residual symptoms and thus lowers social-economic status
and quality of life (Watts, 1985). Schizophrenia affects men and women equally. However,
men tend to develop it approximately five years earlier than women do. Specifically,
schizophrenia begins in the early 20s in male patients and in the late 20s or early 30s in female
patients. Furthermore, schizophrenia could have late-onset in women with begin of menopause
(Héfner, 2003). Due to the earlier onset and the more common comorbidities, men tend to have
a more severe progression of the disease and a poorer outcome (Héfner, 2003; Seeman, 2004,

2012).

Overall, patients with schizophrenia have lower life expectancy than the general
population, with some estimates revealing a discrepancy of approximately 20 years (Laursen,
Nordentoft, & Mortensen, 2014; Schmitt et al., 2018). A systematic review revealed a 2.6

higher risk of mortality for patients with schizophrenia, a trend which has been worsening in
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the past decades (McGrath, Saha, Chant, & Welham, 2008). The main factors for the increased
mortality in schizophrenia are suicide, somatic comorbidities such as metabolic syndrome,
cardiovascular diseases and diabetes, smoking, and unhealthy lifestyle (Hoang, Stewart, &
Goldacre, 2011; McGrath et al., 2008; Schmitt et al., 2018). Moreover, the stable fatality rate
and the growing gap in mortality indicate that patients with schizophrenia have not profited

from medical care advances and prevention as the general population (Saha, Chant, &

McGrath, 2007).

1.1.3. Etiology, Pathophysiology, and Risk factors

The underlying mechanism for the development and chronification of schizophrenia,
although still unclear, is hypothesized as a complex gene-environment interaction involving
abnormalities in neurotransmission, changes in brain function and structure, and compromised

neurodevelopment (Kahn et al., 2015; Schmitt, Falkai, & Schulze, 2019).

1.1.3.1. Neurotransmission

Circumstantial evidence from psychopharmacological and post-mortem studies led to
the two leading theories regarding neurotransmitters - the dopamine and the glutamate
hypothesis (Howes, McCutcheon, & Stone, 2015). The dopamine hypothesis states that
dopamine hyperactivity in limbic and subcortical areas causes positive symptoms in
schizophrenia (Schmitt et al., 2019). It is based on first observations of psychotic symptoms
after intake of amphetamine, which increases dopamine levels (Lieberman, Kane, & Alvir,
1987). The dopamine hypothesis is further supported by the positive effect of drugs, which act
as D2 receptor antagonist and thus decrease dopamine concentration (Walinder, Skott,
Carlsson, & Roos, 1976). Post-mortem studies provided some evidence of neuroanatomical
changes such as an increase in D2 receptor density (F. Owen et al., 1978) and changes in pre-
and postsynaptic expression of D2 autoreceptors (Kaalund et al., 2014). Application of Positron
Emission Tomography (PET) and Single Photon Emission Computed Tomography (SPECT)
imaging revealed specific dysfunction patterns in vivo, i.e., abnormalities in presynaptic
dopamine availability (Howes et al., 2009), altered dopamine content in the prefrontal cortex,
anterior cingulate gyrus, and hippocampus (Patel, Vyas, Puri, Nijran, & Al-Nahhas, 2010).
Especially in the latter region, the dopaminergic system showed hyperactivity in schizophrenia
patients (Grace, 2012). Dopaminergic dysfunction could also be responsible for cognitive
symptoms, as research reveals abnormalities in the D1 receptor to influence working memory

(Goldman-Rakic, Castner, Svensson, Siever, & Williams, 2004), where both hyper- and
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hypoactivity lead to deficits (Williams & Goldman-Rakic, 1995). Despite inconsistencies in
research findings on molecular markers and pathways, the dopamine hypothesis forms the basis

for all current antipsychotic medications (Kahn et al., 2015).

The glutamate hypothesis stated initially that schizophrenia is associated with an
overall glutamate deficiency. For instance, there were early findings of reduced glutamate
levels in liquor (Kim, Kornhuber, Schmid-Burgk, & Holzmiiller, 1980). However, after
excessive research of various glutamatergic receptors in recent years, the hypothesis was
modified mainly as a hypofunction of the N-Methyl-D-aspartate (NMDA) receptor (Stone,
Morrison, & Pilowsky, 2007). It was developed upon findings of phencyclidine and ketamine,
both NMDA/glutamate antagonists, could induce schizophrenia-like symptoms, positive as
well as negative (Javitt, 2007; Krystal et al., 1994; Morgan & Curran, 2006). Post-mortem brain
studies provide some evidence of abnormalities in the glutamatergic system, i.e., decreased
number of glutamatergic neurons and morphological alterations in their dendrites (Hu,
MacDonald, Elswick, & Sweet, 2015). However, findings in a reduction in NMDA receptor
density and glutamate subunits are still inconclusive (Hu et al., 2015; McCullumsmith,
Hammond, Funk, & Meador-Woodruff, 2012). The specific pathways of the glutamatergic
dysfunction in schizophrenia are still unknown, but recent research indicates the involvement
of gamma-amino-butyric acid (GABA) interneurons (Schmitt et al., 2019). NMDA -antagonists
lead to NMDA inhibition that, in turn, reduces the activity of GABA interneurons and,
consequently, the release of GABA in the synaptic cleft. The decreased GABA levels cause
disinhibition of the pyramidal cell and thus increase their firing rate (Homayoun &
Moghaddam, 2007). Findings from post-mortem (M. J. Schmidt & Mirnics, 2015) and genetic
studies (Guillozet-Bongaarts et al., 2014) provide conclusive evidence for the alterations of
GABA neuronal activity. Yet, the underlying mechanism of the GABA system dysfunction

and its specificity for schizophrenia are still unclear (Kahn et al., 2015).

Dopamine, glutamate, and GABA all modulate the cortical function and are in constant
interplay, implying that neurotransmission models for schizophrenia involve complex

pathways and interactions within neuronal networks (Kahn et al., 2015).

1.1.3.2. Gene-Environment Interaction
Genetic factors are of great importance for the etiology of schizophrenia, as twin studies
reveal heritability of approximately 80% that decreases with the degree of relation. (Cardno &

Gottesman, 2000; Sullivan, Kendler, & Neale, 2003). However, a substantial part of the
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heritability, approximately 11%, could be explained with shared environmental factors
(Sullivan et al., 2003), underlying the notion of schizophrenia due to gene-environment

interaction (Schmitt, Malchow, Hasan, & Fallkai, 2014).

Genome-wide-associations studies (GWAS) indicated that schizophrenia is
polygenetic, i.e., multiple gene risk variations (single nucleotide polymorphisms, SNPs) are
involved (Schwab & Wildenauer, 2013). Ripke et al. (2014) investigated a sample of 36,989
patients and 113,075 controls and identified 108 loci of genomic significance. In a more recent
work, Pardinas et al. (2018) were able to define additional loci (>250) associated with
schizophrenia. Among those loci are variations related to the dopamine D2 receptor (DRD2),
glutamate receptors (i.e., GMR3), and NMDA receptor (i.e., SRR). Other genetic risk variants
include neuregulin (NRG-1), associated with NMDA receptor expression (Stefansson et al.,
2002); catechol-O-methyltransferase (COMT), involved in the dopaminergic system (Mattay
et al., 2003; Shifman et al., 2002), and disrupted in schizophrenia 1 (DISC1), associated mostly
with negative and cognitive symptoms (Hennah, Thomson, Peltonen, & Porteous, 2006). NRG-
1 (Grimm et al., 2014), COMT (Erk et al., 2011), and DISC1 (Callicott et al., 2005) have also
been linked with structural and functional brain imaging to elicit neuroimaging phenotypes.
Yet, the polygenic risk variants have a rather small overall effect. For instance, according to
Ripke et al. (2013), 8,300 relevant SNPs could collectively make up approximately 32% of the

common risk for schizophrenia, suggesting the importance of environmental factors.

Many studies have investigated relevant environmental factors across the life span
(Kahn et al., 2015; Schmitt et al., 2014). A large body of research established prenatal and
perinatal risks like birth and obstetric complications, abnormal fetal growth (Cannon, Jones, &
Murray, 2002), and perinatal hypoxia (Fineberg, Ellman, Buka, Yolken, & Cannon, 2013).
Adverse childhood events (e.g., childhood trauma, parental neglect) increase the risk of
psychosis as well (Varese et al., 2012). Furthermore, social stress during childhood and
adolescence could also contribute to the development of schizophrenia (Veling, Pot-Kolder,
Counotte, van Os, & van der Gaag, 2016). One of the most investigated risk factors is substance
abuse (Murray, Paparelli, Morrison, Marconi, & Di Forti, 2013). Specifically, the use of
cannabis in adolescence has been repeatedly linked to an increased risk of psychosis (Semple,
Mclntosh, & Lawrie, 2005). Other environmental factors include migration status (Cantor-

Graae & Selten, 2005) and urbanicity (Vassos, Pedersen, Murray, Collier, & Lewis, 2012).
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These findings can be integrated into the neurodevelopment hypothesis, which states
that gene and environmental factors (both risk and protective) are in constant interaction and
affect neurodevelopment and cause schizophrenia (Schmitt et al., 2019). The theory was first
proposed in the late 80s (Murray & Lewis, 1987; Weinberger, 1987) and since then has
progressed to one of the leading etiology theories for schizophrenia (Fatemi & Folsom, 2009).
In the 2-hit model within this framework, Keshavan proposes impaired neurodevelopment
during two critical stages - early brain development and adolescence (Keshavan, 1999;
Keshavan & Hogarty, 1999). Specifically, genetic predispositions combined with prenatal
adverse events could negatively impact the formation of individual networks and lead to a
neurobiological vulnerability and first premorbid symptoms. This vulnerability could impair
brain maturation during adolescence, causing excessive synaptic pruning and provoking first
schizophrenia symptoms (Keshavan, 1999). The neurodevelopmental theory has been
supported by a large body of work showing gene variations involved in neuronal development
to be perturbed in schizophrenia. Moreover, imaging studies demonstrating altered brain
structure and function as well as reports of premorbid symptoms at an early age, years before
the first onset of the disease, further support the notion of schizophrenia as a
neurodevelopmental disorder (Fatemi & Folsom, 2009). However, a recent review suggested
that the 2-hit model could oversimplify the pathogenesis process of risk factors interacting with
each other and with genetic predispositions during multiple critical stages for

neurodevelopment and cumulating to the onset of schizophrenia (Davis et al., 2016).

1.1.3.3. Alterations in brain function and structure

Imaging methods extend the understanding of the pathophysiology of schizophrenia by
linking neurobiological findings to brain anatomy, behavioral symptoms, and progression of
the disease (Kahn et al., 2015). A meta-analysis investigating structural magnetic resonance
imaging (sMRI) data from 317 studies demonstrated volumetric brain abnormalities in
schizophrenia (Haijma et al., 2013). Specifically, both first episode and chronic schizophrenia
patients had reduced total grey and white matter as well as total brain and intracranial volumes
compared to healthy controls. In contrast, cerebrospinal fluid (CSF) and ventricular volumes
were increased. Prefrontal, temporal, parietal structures (e.g., Olabi et al., 2011) and the insula
(Wylie & Tregellas, 2010) are particularly affected (McDonald et al., 2005). Furthermore, brain
volumetric changes are observed in unaffected relatives (Boos, Aleman, Cahn, Pol, & Kahn,
2007; W. Zhang et al., 2020) and high-risk individuals (Chan, Di, McAlonan, & Gong, 2009)

as well. In addition, reduction in global grey matter volume was associated with duration of
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illness and medication dose, suggesting morphological changes as a result of impaired neuronal
development and disease progression (Haijma et al., 2013; Olabi et al., 2011). In unmedicated
patients, a decrease in volumes of the thalamus and nucleus cuadales were more pronounced
than in medicated patients, implying that morphological changes in subcortical regions occure
prior beginn of treatment and are eased by antipsychotics (Haijma et al., 2013). Moreover,
studies revealed cortical thinning which is associated with poor oucome and advances with the
course of the disease (van Haren et al., 2011). Neuroimaging studies using functional MRI
(fMRI) and PET have linked positive and negative symptoms with brain activation. For
instance, auditory verbal hallucinations are associated with increased activation of fronto- and
media-temporal areas involved with language processing and memory (Jardri, Pouchet, Pins,
& Thomas, 2011). Negative symptoms like emotional processing and social cognition
impairments are related to altered activatons of the amygdala, medial prefrontal cortex and the
inferior paretial lobe (Brunet-Gouet & Decety, 2006; Pankow et al., 2013). Neuroimaging

research, investigating cognitive symptoms, is summarized in Chapter 1.2.1.

1.1.4. Treatment

According to the German clinical practice guideline, schizophrenia is best treated by
combining medication, psychotherapy, and psychosocial therapy (DGPPN, 2019).
Antipsychotics act as dopamine antagonists and improve mostly positive symptoms (Huhn et
al., 2019). They can be divided into two groups: typical or first-generation (FGAs, e.g.,
chlorpromazine, haloperidol) and atypical or second-generation antipsychotics (SGAs, e.g.,
clozapine, olanzapine, risperidone). Although effective, antipsychotics could cause severe side
effects (e.g., Parkinsonism with FGAs and metabolic syndrome with SGAs) and contribute to
the emergence of comorbid somatic conditions (e.g., diabetes) (for details, see Kahn et al.,
2015), which have been linked to the increased mortality in schizophrenia (McGrath et al.,
2008). Moreover, neuroimaging studies reveal that antipsychotics could be involved in brain
anatomy changes, such as grey matter reduction (Guo et al., 2015). There is no effective
pharmacological treatment for negative and cognitive symptoms (Leucht et al., 2017; Nielsen
et al., 2015), but in a subgroup of patients, they could be managed with psychotherapy,
cognitive remediation therapy, and, as novel research shows, noninvasive brain stimulation

(DGPPN, 2019).
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1.2. Cognitive deficits in schizophrenia

Cognitive impairment is a main characteristic of schizophrenia. First described by
Kraepelin (1919) and Bleuler (1916), deficits in various neuropsychological domains could be
observed across patients’ lifespan (Keefe & Fenton, 2007). In the last decades, research on this
topic has rapidly increased, investigating the neurobiological pathways of cognitive
dysfunction (Barch & Ceaser, 2012) and recognizing its potential as an intermediate phenotype
for schizophrenia (e.g., Park & Gooding, 2014). Thus, cognition has been included as a
fundamental component in etiology models such as the integrated sociodevelopmental-
cognitive model (Howes & Murray, 2014) and the neurodevelopmental hypothesis (M. J.
Owen, O'Donovan, Thapar, & Craddock, 2011).

1.2.1. Domains and neuronal pathways of cognitive dysfunction in schizophrenia
Schizophrenia is associated with a global cognitive impairment (Schaefer, Giangrande,

Weinberger, & Dickinson, 2013). Various domains like episodic memory, working memory,

executive functioning, attention, processing speed, problem-solving, and social cognition are

significantly affected (Nuechterlein et al., 2004).

Attention is a core cognitive function, often considered to be hierarchical and fractioned
in several dimensions by neuropsychological theories (Lezak, Howieson, Bigler, & Tranel,
2012). Sohlberg and Mateer (1989) differentiated in their clinical model of attention between
(1) focused attention, the ability to direct attention as a response to stimuli; (2) sustained
attention or vigilance, the capacity to keep high attentional activity over time; (3) selective
attention, the ability to focus our attention to relevant stimuli, while suppressing distractions;
(4) alternating attention, the capacity to switch attention between tasks and (5) divided
attention, the ability to operate on different tasks simultaneously. Recent research using
machine learning revealed that performance across the attention domains could discriminate
between schizophrenia patients and healthy controls with 90.70% accuracy, indicating
psychomotor speed, sustained and divided attention to be crucial for the classification (Shen et
al., 2014). These findings are supported by a large body of research showing lower performance
on vigilance tasks in schizophrenia (e.g., Nuechterlein et al., 2015) during active psychosis and
remission (Nuechterlein et al., 1992). Moreover, a recent fMRI meta-analysis linked
impairment in sustained attention to reduced activation in the insular cortex and the inferior
frontal gyrus, to hyperactivation in the thalamus, and altered activation in the anterior cingulate

cortex (ACC), indicating dysfunction in the latter two regions to be specific for schizophrenia
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and not for bipolar disorder (Sepede et al., 2014). Deficits in selective attention have also been
repeatedly observed (e.g., Carter, Robertson, & Nordahl, 1992) and are associated with altered
activations of the ACC (Carter, Mintun, Nichols, & Cohen, 1997) and the prefrontal cortex
(Weiss et al., 2003).

Working memory refers to the ability to process, temporally maintain and manipulate
information (Baddeley, 2010), and it is crucial for academics (Alloway & Alloway, 2010) and
professional success (Higgins, Peterson, Pihl, & Lee, 2007). In Baddeley’s model of working
memory (2007), it is conceptualized as a multi-modal system with limited capacity, consisting
of (1) a central executive, a supervisory system that directs attention, inhibits irrelevant stimuli
and updates, encodes and coordinates information flow, and (2) modality-specific subsystems
(phonological loop, episodic buffer and visuospatial sketchpad). Deficits in working memory
in schizophrenia are observed across domains and modalities (Forbes, Carrick, McIntosh, &
Lawrie, 2009; J. Lee & Park, 2005), with the most noticeable results for the central executive
(Barch & Ceaser, 2012). Encoding and maintenance of information are significantly affected
(Park & Gooding, 2014). Moreover, neuroimaging studies have repeatedly demonstrated
abnormal activation of the dorsolateral prefrontal cortex (DLPFC) (e.g., Potkin et al., 2009), a
region anatomically and functionally associated with working memory (Esposito, Detre, Alsop,
& Shin, 1995). Several neuroimaging studies revealed hypoactivation of DLPFC during
working memory tasks compared to healthy controls (Barch, Csernansky, Conturo, & Snyder,
2002; Carter et al., 1997) and patients with major depression (Barch, Sheline, Csernansky, &
Snyder, 2003), indicating the specificity of the deficit for schizophrenia. However, there is also
evidence of both hypo- and hyperactivation of the DLPFC regarding factors such as task
demand, suggesting an overall DLPFC insufficiency (Manoach, 2003; Potkin et al., 2009).
Working memory impairment is further associated with the prefrontal cortex's abnormal
connectivity to the intraparietal cortex and the hippocampus (Henseler, Falkai, & Gruber,
2010). Moreover, DLPFC-hippocampus dysconnectivity in relation to working memory
deficits, has been repeatedly reported to be more common in schizophrenia than other

psychiatric disorders (M. Schneider et al., 2017).

Executive function is a group of cognitive abilities that are crucial for planning,
executing, and coordinating complex behavior and managing everyday life (Lezak et al., 2012).
It includes planning, cognitive flexibility, attention, problem-solving and working memory
(Orellana & Slachevsky, 2013). According to Miyake et al. (2000), the main three underlying

functions are (1) shifting or cognitive flexibility, the ability to switch between tasks, (2)
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updating, monitoring, and adjusting of working memory contents and (3) inhibition,
suppressing an automatic response (later revised as a common executive function) (Miyake &
Friedman, 2012). In their unity/diversity framework, Miyake and Friedmann (2012) postulate
that the executive functions are both unique and highly correlated; they have a genetic basis
and stability across the lifespan; are related to psychopathology in several disorders. Indeed, a
recent review revealed that deficits in executive functions (including working memory) are
observed in affective and mood disorders, but are most prominent in schizophrenia (Snyder,
Miyake, & Hankin, 2015). These results correspond with previous findings of executive
dysfunction in schizophrenia (Heinrichs & Zakzanis, 1998; Orellana & Slachevsky, 2013).
Anatomically, executive functioning impairment is associated with the prefrontal cortex's
abnormal structure, specifically with volumetric alterations of the parahippocampal gyrus,
superior temporal gyrus, and integrity of the striatum, hippocampus, and ACC (Antonova et
al., 2004). A meta-analysis of 41 fMRI studies demonstrated that healthy controls and
schizophrenia patients activate the same networks during executive functioning (Minzenberg,
Laird, Thelen, Carter, & Glahn, 2009). However, the pattern is altered in schizophrenia, where
the activation of DLPFC, right ventrolateral prefrontal cortex (VLPFC), thalamus, cerebellum,
temporal and parietal areas is reduced. In contrast, other prefrontal areas compensate for
hyperactivation (Minzenberg et al., 2009), supporting the hypothesis of disturbed functioning
not of single brain regions but also neural circuits (Schmitt, Hasan, Gruber, & Falkai, 2011).
There is growing evidence of executive impairment resulting from dysfunction of prefronto-
striato-thalamic, prefronto-parietal, and prefronto-temporal networks (Orellana & Slachevsky,

2013).

Memory is a complex multidimensional and hierarchical system (Milner, Squire, &
Kandel, 1998) that has been repeatedly reported to be impaired in schizophrenia (Aleman et
al., 1999). Episodic memory, a subsystem of long-term memory retaining phenomenological
memories (e.g., events) (Tulving & Markowitsch, 1998), is particularly affected (Barch &
Ceaser, 2012). Indeed, several meta-analyses indicated that patients with schizophrenia
perform poorly on visual and verbal episodic memory tasks (Aleman et al., 1999; Heinrichs &
Zakzanis, 1998). A recent review demonstrated greater deficits during recall than recognition,
especially during encoding (Danion, Huron, Vidailhet, & Berna, 2007). Anatomically, episodic
memory performance is associated with structures of the medial temporal lobe (Leavitt &
Goldberg, 2009), specifically the hippocampus, where numerous studies reported reduced

volume (Nelson, Saykin, Flashman, & Riordan, 1998) and cellular abnormalities (Heckers &
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Konradi, 2002) in schizophrenia. A meta-analysis of 18 fMRI studies showed hypoactivation
of the left inferior prefrontal cortex and the hippocampus in patients during episodic memory
tasks than healthy controls (Achim & Lepage, 2005). However, a more recent review suggested
that the direction of the altered prefrontal and hippocampal activation could be multilateral
(Leavitt & Goldberg, 2009). Furthermore, episodic memory impairment is associated with
disturbed fronto-temporal connectivity, including the DLPFC, parahippocampus and superior
temporal gyrus (Wolf et al., 2007). For instance, in a computational model study, Talamini et
al. (2005) demonstrated that reduced parahippocampal connectivity could result in

schizophrenia-like memory deficits.

The extensive evidence of deficits in various neuropsychological domains has led to the
hypothesis of the generalized or broad cognitive deficit in schizophrenia (Braff et al., 1991;
Gold & Dickinson, 2013). Indeed, Wilk et al. (2004) demonstrated that 575 patients with
schizophrenia perform on average 2 SDs poorer than healthy controls as measured by the total
scale of the Repeatable Battery for the Assessment of Neuropsychological Status (RBANS),
including domains like processing speed, attention, and memory. Besides, a recent meta-
analysis of 100 studies with a total of 9048 patients and 8841 controls showed moderate to
severe deficits in all investigated cognitive domains in schizophrenia, where processing speed
and episodic memory were most affected. Moreover, the evidence of impairment has persisted
over time despite changing diagnostic criteria, materials, and research methods (Schaefer et al.,
2013). Global cognitive deficits have been linked to an overall whole brain volume and grey
matter reduction, increased ventricles and grey matter reduction in frontal and temporal
structures (Antonova et al., 2004), and white matter abnormalities (Dickinson & Harvey, 2008).
Furthermore, a recent review of resting-state fMRI studies indicated that cognitive impairment
is associated with lower connectivity between cortical (e.g., prefrontal cortex) and subcortical
regions (e.g., thalamus, cerebellum, basal ganglia), which is not specific to particular
neuropsychological functions (Sheffield & Barch, 2016). However, the generalized deficit
hypothesis has been challenged by findings of preserved cognitive functions in schizophrenia
and suggesting a more selective impairment of specific abilities (Chapman & Chapman, 1989;
Green, Horan, & Sugar, 2012). Nevertheless, deficits in attention, working memory, executive
functioning, and episodic memory are considered to be characteristic of schizophrenia
(Reichenberg & Harvey, 2007) and hypothesized to have a common underlying mechanism

and neurobiological pathways involving mostly prefrontal and temporal cortical and
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subcortical structures (Barch & Ceaser, 2012; Lesh, Niendam, Minzenberg, & Carter, 2011;
Silver & Feldman, 2005).

1.2.2. Prevalence and heterogeneity

With estimates of about 80% of schizophrenia patients performing at least 1 SD worse
than the general population's mean, cognitive impairment is considered widespread in
schizophrenia (Keefe & Fenton, 2007). Yet, this would mean that a significant subgroup of
patients shows no clinically relevant neuropsychological deficits. Indeed, previous studies
indicated that approximately 20-30% of patients with schizophrenia have comparable
neurocognitive functioning as healthy controls (Holthausen et al., 2002; Palmer et al., 1997).
However, there is evidence that despite no relevant neuropsychological deficit, all patients with
schizophrenia are performing worse than expected (Keefe, Eesley, & Poe, 2005; Wilk et al.,
2005), especially regarding premorbid intelligence and maternal education (Kremen, Seidman,
Faraone, Toomey, & Tsuang, 2000). For instance, patients with high intelligence have similar
cognitive decrements as patients with low or average intelligence, despite achieving results
within the normal range on neuropsychological testing (Vaskinn et al., 2014). Moreover,
studies with monozygotic twins discordant for schizophrenia provide further cognitive decline
findings due to psychosis (Goldberg et al., 1990). Nevertheless, there is persistent evidence of
heterogeneity in cognitive impairment in schizophrenia (Joyce & Roiser, 2007). Studies using
cluster analysis classified neuropsychological functioning in schizophrenia in three to four
subgroups; each solution consisted of a high or average cognition and a severely impaired
cluster. In addition, subgroups with moderate or specific deficits in processing speed, executive
function, and/or memory were also defined (Bechi et al., 2019; G. Goldstein, Allen, & Seaton,
1998; G. Goldstein & Shemansky, 1995; Hill, Ragland, Gur, & Gur, 2002). Geisler et al. (2015)
differentiated between four cognitive profiles of patients with compromised (1) verbal fluency,
(2) verbal memory and motor control, (3) low face memory and processing, and (4) general
cognitive impairment. Each cluster was associated with a distinct pattern of altered brain
morphology and function, including cortical thinning overall and specifically in Wernicke’s
area and lingual gyrus, reduced hippocampal volume and abnormal fronto-parietal activity
(Geisler et al., 2015). Most recently, different cognitive profiles in first episode schizophrenia
patients could be elicited and linked to altered brain connectivity in e.g. the salience network,
fronto-parietal network, the default mode network (Rodriguez et al., 2019). In sum, the large

body of research suggests a widespread cognitive decline in schizophrenia, which is
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heterogeneous in nature regarding severity and distinctive patterns of deficits and could be

linked to neuronal pathways (Geisler et al., 2015; G. Goldstein et al., 1998; Hill et al., 2002).

1.2.3. Heritability and course of cognitive deficits

Previous research showed that neuropsychological impairment accompanies patients
with schizophrenia across their lifetimes (Woodberry, Giuliano, & Seidman, 2008). For
instance, cognitive deficits during early childhood (Cannon, Caspi, et al., 2002; Seidman et al.,
2013), and later in fluid intelligence in the preteen years (Reichenberg et al., 2010) and in
verbal processing in adolescence (MacCabe et al., 2013) are present in children, who later
develop schizophrenia. In addition, individuals with a high risk for schizophrenia perform
worse than healthy controls in various neuropsychological domains (Keefe, 2014), such as
attention, working memory, and episodic memory (Fusar-Poli et al., 2012; Seidman et al.,
2010). Accordingly, a recent meta-analysis comparing 197 high-risk with 199 healthy
participants demonstrated the most considerable discrepancies in overall cognition, processing
speed, and attention, whereas effects regarding working memory, problem-solving, and
learning were moderate (Zheng et al., 2018). Moreover, unaffected first-degree relatives of
people with schizophrenia also show cognitive abnormalities, yet milder than patients (Bora et
al., 2014; Snitz, Macdonald, & Carter, 2006). The neuropsychological decrements are most
prominent in participants that later develop schizophrenia (Seidman et al., 2010). Moreover, as
in schizophrenia patients, changes in brain morphology and function associated with cognition
have been demonstrated in first-degree relatives, including grey matter reduction overall, in the
hippocampus, thalamus, and ventricular enlargement (Boos et al., 2007; de Zwarte et al., 2019;
W. Zhang et al., 2020). Due to the consistent evidence of cognitive deficits in schizophrenia
patients and their first-degree relatives, they are proposed to be heritable and linked to genetic
polymorphisms (Sabb et al., 2008). Indeed, a recent review of 82 molecular studies determined
several candidate genes, thereunder COMT and DISCI1, and revealed empirical evidence,
though inconsistent, of their role in cognitive impairment in schizophrenia (Zai, Robbins,

Sahakian, & Kennedy, 2017).

Prodromal neuropsychological abnormalities intensify during the first episode of
schizophrenia, where deficits in verbal memory and processing speed are most prominent
according to meta-analytical findings (Mesholam-Gately, Giuliano, Goff, Faraone, & Seidman,
2009). However, a more recent meta-analysis of 25 studies with 905 first-episode patients, 560

high-risk patients, and 405 healthy controls indicated no progression of the preexisting
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cognitive deficits due to psychosis. Moreover, neuropsychological impairment decreased with
the improvement of negative symptoms (Bora & Murray, 2013). Despite heterogeneous
findings on the initial cognitive decline with the first onset of schizophrenia, longitudinal and
meta-analytical studies indicate stability of neuropsychological functioning in chronic patients
(Albus et al., 2019; Heilbronner et al., 2016). Regarding psychopathology, cognitive deficits
are mostly associated with negative symptoms, especially with disorganization syndrome (de
Gracia Dominguez, Viechtbauer, Simons, van Os, & Krabbendam, 2009). Furthermore,
cognitive impairment has been demonstrated to be more critical for everyday functioning,
employability, socializing, and overall quality of life than other symptom clusters (Bryson &
Bell, 2003; Green et al., 2000). Despite its significance, there are only few treatment options
with cognitive remediation and antipsychotic therapy having no significant overall effects
(Nielsen et al., 2015) with exception of few clinical subgroups, where small improvement is

achieved (Krug, Stein, & Kircher, 2020).
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1.3. Machine Learning

Despite extensive research, the underlying cognitive impairment mechanisms in
schizophrenia are still unclear, mostly due to the heterogeneity of deficits and overall
psychopathology. Moreover, research on this topic involves a large amount of
multidimensional data of complex neuronal pathways, behavioral performance, social and
environmental factors, which are in constant interaction and could be only poorly analyzed by
classical statistical methods (Bzdok & Meyer-Lindenberg, 2018). However, with the rapid
advancement in computer power, machine learning methods emerged as a powerful tool to
address these methodological issues (Dwyer, Falkai, & Koutsouleris, 2018). Indeed,
schizophrenia research using machine learning, particularly in neuroimaging, is steeply

increasing in the last years (N. Tandon & Tandon, 2019).

1.3.1. Machine learning: definition, types, and application in schizophrenia research
Machine learning is a field within artificial intelligence, involving the development of
computer systems capable of improving and adjusting using previous experiences (Jordan &
Mitchell, 2015). Specifically, algorithms apply pattern recognition techniques to large amounts
of data, test various assumptions about its structure, and then learn from these assumptions by
comparing them and modifying single aspects of the models. Thus, it involves repeated
parameter estimation, performance evaluation, error identification, and correction until the
model maximizes accuracy (Dwyer et al., 2018; N. Tandon & Tandon, 2019). Machine learning
algorithms are classified into three main categories: (a) supervised where the cases of the output
variable are labeled (e.g., binary/multiclass classification); (b) unsupervised where the aim is
to identify the structure (e.g., dimension reduction); (c) reinforcement where the learning is
reinforced through immediate reward or penalties (mostly used in robotics) (Jordan & Mitchell,
2015; N. Tandon & Tandon, 2019). Machine learning analysis follows three main steps: (1)
data preparation (data preprocessing and division in training and test subset), (2) learning
(choice of parameters, model tuning, estimator parameter regularization), and (3) evaluation
(application of the parameters to the test subset) (N. Tandon & Tandon, 2019). In the field of
schizophrenia, machine learning has been successfully applied for diagnosis, the prognosis of
clinical outcome, and treatment (Dwyer et al., 2018). For instance, a meta-analysis including
38 studies showed that implementing multivariate pattern recognition techniques to
neuroimaging data could differentiate patients with schizophrenia from controls with

sensitivity and specificity of ~80% (Kambeitz et al., 2015). Similarly, a more recent systematic
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review demonstrated that machine learning analysis of functional and structural MRI data
could diagnose schizophrenia with an accuracy of 60%-80%, which could be improved by
integrating various machine learning algorithms (de Filippis et al., 2019). Moreover, fMRI
studies attain greater specificity (Kambeitz et al., 2015) and overall accuracy (de Filippis et al.,
2019) than sMRI studies. Regarding specific algorithms, support vector machines (SVM) are
the most frequently used (de Filippis et al., 2019; Dwyer et al., 2018). Pattern recognition
techniques could also be applied to elicit different cognitive profiles in schizophrenia. For
instance, Gould et al. (2014) used SVM to whole-brain morphometry to differentiate patients
with compromised and spared cognitive subtypes from each other and from healthy controls.
With approximately 70% accuracy both cognitive subtypes could be recognized from healthy
controls, suggesting similar neuroanatomical abnormalities in cortical (e.g. inferior temporal
gyrus), subcortical (e.g. hippocampus) and cerebellar regions (e.g. vermis). However, the
classification of patients with compromised and spared cognition was only < 60% but increased
to 83% in female sample when stratified for gender (Gould et al., 2014). Regarding prediction
of clinical and treatment outcome in schizophrenia, machine learning algorithms have
previously obtained balanced accuracy values of >70% (e.g. prognosis of first-episode
psychosis, Koutsouleris et al., 2016) and 85% (e.g. response to repetitive transcranial brain

stimulation, Koutsouleris et al., 2017).

Despite promising results, machine learning methods in schizophrenia research should
be applied and interpreted with caution due to limitations such as future selection bias,
overfitting, biased reporting of classification results, small sample sizes, heterogeneity of
diagnostic labels, clinicians’ insufficient computational knowledge, and lack of transparency
in model and data presentation (Arbabshirani, Plis, Sui, & Calhoun, 2017; Dwyer et al., 2018;
N. Tandon & Tandon, 2019). Regarding sample size, Schnack and Kahn (2016) demonstrated
its influence with a small sample size leading to high accuracy and low generalizability and

vice versa.

1.3.2. Random Forrest Classification: general principles and application

The random forest (RF) classifier is a supervised ensemble learning method, proposed
by Breiman (1999, 2001). It is based on bootstrap aggregation (bagging) of classification trees.
A classification tree is a type of decision tree, where the outcome is a class label. A class

describes a group of items with common properties, whereas the class label is the name of the
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class (Drummond, 2010b). Each class is defined by its characteristics or features. (Drummond,

2010a).

A decision tree is an old classification model with a tree-like structure (e.g., Breiman,
Friedman, Olshen, & Stone, 1984; Quinlan, 1986), commonly used in machine learning and
statistics. Figure 1A shows a simple example of a decision tree that aims to classify a fictional
letter sequence by the attributes color and letter type. The classification process starts at the
root node, representing the entire data set and then splits it using the attribute color (Blue?). It
then moves down the branch that refers to a specific characteristic of the attribute (here, “yes”
or “no”). This step is repeated until it arrives at an unsplittable leaf node (Fiirnkranz, 2010). In
the current example, the branch “no” arrives at a leaf node “not blue,” whereas the branch “yes”
arrives at an internal node “blue” that is further split using the attribute letter type (B?). The
process moves then down the branches “yes” and “no” to the according leaf nodes “blue B”
and “blue, not B” (see Figure 1A). In machine learning, the induction of decision trees is mostly
based on recursive top-down algorithms (e.g., Top-Down Induction of Decision Trees,
TDIDT), where the selection of a suitable attribute is essential (Fiirnkranz, 2010). Attribute
selection is typically based on the node impurity, describing whether the data points included
in the node belong to a single class. If the node consists only of examples of a single class, it
is a pure node. Impurity is typically measured by the information-theoretic entropy (Quinlan,
1986) or the Gini index (Breiman et al., 1984). Despite the many advantages of decision trees
learners, such as feasibility and simple interpretation, they are vulnerable to overfitting by
constructing over-complex trees. A typical technique to avoid overfitting is to simplify the tree

by removing sub-nodes (pruning) (Fiirnkranz, 2010).

RF classifiers combine many uncorrelated classification trees, where each tree carries
out a class prediction, and the class with the most votes is taken as a prediction model (see
Figure 1B). Every classification tree is built applying bagging, where the training data set is
generated by selecting a bootstrap sample, a random subset from the data set with replacement
(Breiman, 1996). Moreover, unlike a classical decision tree, each tree in an RF considers not
all but only a random subset of features (Breiman, 2001). In this way, the individual trees are
trained on different data sets using different features, which reduces the correlation between
trees. In an RF, trees are inducted upon the Gini Index or the information gain/entropy as
attribution selection methods. Trees are not pruned but grown to a maximum depth. Overfitting

is avoided by application of the Strong Law of Large Numbers (Breiman, 2001).
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RF algorithms have been successfully applied in neuroimaging research. For instance,
a recent systematic review demonstrated that the RF classifier is robust to overfitting and
outliers and could recognize between patients with Alzheimer's disease and healthy controls
with accuracy up to 90%, especially when applied to multi-modal neuroimaging data (Sarica,
Cerasa, & Quattrone, 2017). In schizophrenia, the analysis of EEG data with RF could exclude
patients from healthy participants with an accuracy of 100% (Buettner et al., 2019). In addition,
RF models have obtained high predictive accuracy for mapping cognitive subtypes with
schizophrenia-associated genes (Zheutlin et al., 2018). Applied to sMRI data, an RF algorithm
using cortical thickness could classify patients with childhood-onset schizophrenia from
healthy controls with 73.7% accuracy, identifying prefrontal, left precuneus, and temporal
regions as most important for the model (Greenstein, Weisinger, Malley, Clasen, & Gogtay,
2012). Moreover, RF outperformed SVM and logistic regression in classifications of symptom
profiles in schizophrenia based on cortical thickness achieving >70% accuracy (Talpalaru,
Bhagwat, Devenyi, Lepage, & Chakravarty, 2019). Thus, RF can be a feasible and effective

classification model using complex imaging data.
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1.4. The present study

The main aim of the present study is to link cognitive heterogeneity in schizophrenia to
brain structure. To do so, we used a data-driven approach to define high and low cognitive
profiles in a study sample of patients with schizophrenia, unaffected relatives, and healthy
controls. We then applied an RF algorithm with neuroanatomical variables as predictors of the
two cognitive profiles and identified the most important anatomical structures for the
classification. Then, we explored the relationship between the most important regions and
cognition via regression analyses. We further used group comparisons to investigate if and how
study groups and cognitive profiles differ in the anatomical regions of importance. Therefore,
we obtained demographic, clinical, neuroimaging (sMRI), and cognitive data in this
observational case-control study. The neuropsychological testing included assessments of
episodic verbal memory, working memory, processing speed, attention, and executive

functions (cognitive flexibility), and results were cumulated in a global cognition index.

We hypothesized that the RF model with volumetric measures as predictors and trained
with data from all study groups would classify high and low cognitive performance in
schizophrenia with accuracy above 50%. Moreover, we expected that the prefrontal and
temporal regions would be most important for the prediction. We further assumed that volumes
of the best seven predictors would significantly predict cognition, differ between high and low

cognitive profiles, and between patients, healthy controls, and unaffected relatives.
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2. Methods

2.1. Study Design

The current work presents data from the MIMICSS study (“Multimodal Imaging in
chronic Schizophrenia Study”), part of the KFO 241 working group (http://www.kfo241.de/)

and later of the PsyCourse consortium (http://www.psycourse.de/). MIMICSS is an

observational case-control study that investigates genetics, neurocognition, brain morphology,
and function as factors for the development of schizophrenia with a 2-year follow-up. The
study protocol and its amendments were written according to the rules of the Declaration of
Helsinki of 1975, revised in 2008, and approved by the local ethic committee (Medical Faculty
of the Ludwig-Maximillian-University Munich: Code 17-13; Date of Approval: 25" of
February 2013 and 25" of March 2014). Here, we present clinical, neurocognitive, and

structural MRI data from the first time of measurement.

2.2. Participants

Originally, 74 patients with schizophrenia (SP, n = 74, 17 female, Mage = 35.04, SDage =
11.77), 56 controls (HC, n = 56, 16 female, Mage = 33.13, SDage = 11.83) and 22 unaffected
relatives (UR, n = 22, 17 female, Mage = 40.91, SD.ge = 17.33) participated in the study. SPs
were recruited at the Department for Psychiatry and Psychotherapy, Clinic of the University of
Munich, where they were currently in- or outpatients. Diagnosis of schizophrenia disorder
without psychiatric comorbidity was made according to ICD-10 (F20.x) by a consulted
physician and confirmed by a senior psychiatrist. URs were recruited through their affected
relatives or the clinics’ psychoeducation group for relatives of psychosis patients. Upon study
participation, URs showed an official document (e.g., medical history, physician’s letter) to
confirm the schizophrenia diagnosis of their first-degree relative. HCs were recruited via flyers
in the Munich area. Both UR and HC were screened using the Mini-International
Neuropsychiatry Interview (M.L.N.L.) (Sheehan et al., 1998) to exclude mental illness. Detailed
in- and exclusion criteria are presented in Table 3. All participants were fully informed about
the study background and its procedures and gave their written informed consent. In the case
of legal representation, patients’ representatives were contacted, informed, and gave their
written consent. All participants received a 50 € (7.50 €/h) compensation for their participation.
UR and HC received another 50 € for their travel expenses. Furthermore, a travel-accident

insurance for the patients was obtained (ECCLESIA mildenberger HOSPITAL GmbH).
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Table 3. Overall and specific inclusion and exclusion criteria for patients with schizophrenia

(SP), healthy controls (HC), and unaffected relatives (UR).

Inclusion Criteria

Exclusion Criteria

Overall e Age:>18
e Language: sufficient German
knowledge

e Capability to consent

SP e Diagnosis of schizophrenia (F20.x)

HC e No additional inclusion criteria

UR o A first-degree relative with
schizophrenia

Neurological disorder (e.g., epilepsy)
Current alcohol abuse or dependence
Current substance abuse or
dependence

MRI contraindications (e.g.,
claustrophobia, metal implants)
Psychiatric comorbidity

Psychiatric disorder

First-degree relatives with a psychiatric
or a neurological disorder

Psychiatric disorder

Eighteen participants (15 SP, 1 HC, and 2 UR) were excluded from further analysis due

to false diagnosis or missing data. Thus, we analyzed cognitive data with 59 SP (10 female,

Mage = 34.93, SDuge = 11.39), 55 HC (16 female, Mage = 32.69, SDyge = 11.48) and twenty UR

(Mage = 37.95, SDage = 15.16). We excluded seven more participants due to imaging artifacts

and conducted the analysis of imaging data with 54 SP, 54 HC, 19 UR (see Figure 2 for

CONSORT-Flow diagram).
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Figure 2. Consort-Flow diagram

2.3. Measures

2.3.1. Demographics

Participants completed a questionnaire on demographics, including data about
education, current occupation, German language proficiency, and relationship status.
Furthermore, detailed information about their smoking behavior was collected using the
Fagerstrom Test for Nicotine Dependence (FTND) (Heatherton, Kozlowski, Frecker, &
Fagerstrom, 1991). The FTND is a 6-item scale based on biochemical measures for nicotine
dependence and yields an overall score between O (very low dependency) and 10 points (very
high dependency). We furthermore assessed hand preference using the Edinburgh handedness
inventory (Oldfield, 1971). Here, participants assigned 2 points (very strong preference), 1
point (preference with occasional use of the other hand), or 1 point for each side (indifferent)
for the completion of 10 everyday activities (e.g., writing, drawing). Laterality is then
calculated by the difference between points for the right (R) and left hand (L), divided by the
total score and multiplied by a hundred: [(R-L)/(R+L)]*100. Thus, the handedness score varies
from -100 (pure left-hander) to +100 (pure right-hander).
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2.3.2. Clinical measures

Medication and clinical history

Participants reported clinical history data, including age during the first onset, duration
of illness, and number of hospitalizations. Furthermore, daily dose and time of administration
of current stable and PRN medication were collected. Using the Defined Daily Doses (DDD)
method, we converted antipsychotic medication to chlorpromazine dose equivalence (CPZ)

(for details see, Leucht, Samara, Heres, & Davis, 2016).

Schizophrenia symptoms

The severity of schizophrenia symptoms was evaluated with the Positive and Negative
Syndrome Scale (PANSS) (Kay, Fiszbein, & Opler, 1987) and the Scale for the Assessment of
Negative Symptoms (SANS) (Andreasen, 1989). PANSS is widely used in clinical research
and is considered a standard instrument for assessing psychopathology in schizophrenia (T.
Suzuki, 2011). Upon a semi-structured interview with the patient and relevant clinical
information from primary care workers, the examiner rates the severity of positive (Positive
Scale, 7 items, e.g., hallucinations), negative (Negative Scale, 7 items, e.g., emotional
withdraw), and global symptoms (Global Psychopathology Scale, 16 items, e.g., anxiety)
during the last seven days on a scale from 1 (absent) to 7 (extreme). Noticeably, PANSS
includes not only content-related information on productive symptoms (e.g., delusions) but also
observations on social behavior (e.g., hostility), body movement (e.g., mannerisms and
posturing), and thought disorder (e.g., stereotyped thinking). To calculate PANSS scores, item
ratings are summed for each scale and overall for all 30 items, yielding possible ranges of 7 —
49 points for both Positive and Negative Scales, 16 — 112 points for the Global
Psychopathology Scale, and 30 — 210 for PANSS total. To increase standardization, here,
PANSS was administered upon the Structured Clinical Interview for PANSS (SCI-PANSS)
(for details see, Kay et al., 1987).

Negative symptoms were further explored using the German version of SANS
(Andreasen, 1989; Dieterle, Albus, Eben, Ackenheil, & Rockstroh, 1986). SANS measures
negative symptoms across the domains affective blunting (German version: 7 Items, original
version: 8 items); alogia (5 items), avolition/apathy (4 items), anhedonia/asociality (5 items),
and attention (3 items) on a six-point scale from O (not at all) to 5 (severe). Each domain
includes a global rating item. Ratings are based on data collected from the clinical interview

and primary caregivers. The sums of the five global items (summary global score) and all 24
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items (composite score) are calculated and serve as negative syndrome measures with a range

of 0 —25 and 0 — 120, respectively.

Depression symptoms

Symptoms of depression, which are very common in schizophrenia (e.g., Hafner et al.,
2005), were assessed with the Inventory of Depressive Symptomatology (IDS-C) (Rush,
Carmody, & Reimitz, 2000; Rush, Gullion, Basco, Jarrett, & Trivedi, 1996) and Beck
Depression Inventory II (BDI-II) (Beck, Steer, & Brown, 1996). IDS-C is a semi-structured
30-item interview, where a clinician rates severity of patients’ depressive symptoms on a four-
point scale from 0 (absent) to 3 (max. symptom severity). IDS-C includes i.e. items on sleep
problems (e.g., early morning insomnia), mood (e.g., sadness, anxiety, quality and variation of
mood), outlook (e.g., on future), cognition, and physical symptoms (e.g., appetite). Since only
one of the items about appetite (increase/decrease) and weight (increase/decrease) should be
answered, 28 items are included in the overall score that therefore varies between 0 and 84 (for
further details, see Rush et al., 2000; Rush et al., 1996). In contrast to IDS-C, BDI-II is a self-
report measure with 21 items (Beck et al., 1996). Here, patients had to rate the severity of their
depressive symptoms in the last two weeks between 0 and 3. The sum of all items serves as a

measure of depression (range: 0 — 63).

Global ratings

We rated the overall severity of patients’ symptoms using the Clinical Global
Impression Scale (CGI-S) (Guy, 1976) that varies between 1 (normal, not at all ill) and 7
(among the most ill patients). Additionally, we applied the Global Assessment of Functioning
Scale (GAF) (Endicott, Spitzer, Fleiss, & Cohen, 1976; Goldman, Skodol, & Lave, 1992) to
rate the psychological, social, and occupational functioning of the patient on a scale of 1

(persistent danger of severely hurting self or others) to 100 (superior functioning).
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2.3.3. Neuropsychological measures
Crystalline intelligence
Crystalline intelligence (IQ) was measured using a German vocabulary test, Wortschatztest
(WST-R) (K.-H. Schmidt & Metzler, 1992). The WST-R included 42 items, where participants
had to recognize the existing word in the German language among five non-existing pseudo-
words. There was no time limit for completion. The number of correct items (max. 42) was

converted using a norming table to a verbal 1Q value.

Episodic Verbal Memory

Episodic Verbal Memory was measured with the Verbaler Lern-und Merkfihigkeitstest
(VLMT: Verbal Learning and Memory Test). VLMT (Helmstaedter & Durwen, 1990) is
developed for the German language area and is based on the Rey Auditory Verbal Learning
Test (RAVT) (Muller, Hasse-Sander, Horn, Helmstaedter, & Elger, 1997). First, the
investigator read out a list of 15 nouns in a fixed order at a two-second-pace five times
(Learning List A). After each learning trial, the participant was required to recall as many words
as possible in a free order (Free Recall). After completing this first learning phase, the
investigator read out another list of 15 independent nouns (Interference List B). Here, the
participant had to again recall as many nouns from List B as possible. Next, the participant was
asked to freely recall the words from List A without a further list presentation (7rial 6). After
a 30 min. delay, the procedure was repeated — a free retrieval of List A without a renewed
reading-out of the list (Trial 7). The test finished with a recognition trial, where the investigator
read out a list containing the words of List A, of List B and 10 words with a semantic and 10
words with a phonetic similarity to the words of List A and B (Recognition List W). Here, the
participant had to answer with “yes” or “no” if the word was part of List A. VLMT assesses
multiple episodic verbal memory features, including short-term memory and long-term
memory parameters. Here, we focused on the following factors: (a) learning as the sum of
correct words during the learning phase (Trial 1 to 5); (b) long-term memory consolidation as
the decrease of learning performance after the 30 min. delay (Trial 5 minus Trial 7); and (c)
correct recognition as the subtraction of false answers from the correct recognized List A words

(Trial W- F).

Processing speed, visual attention, cognitive flexibility
Trail Making Test (TMT) (Tombaugh, 2004) is a popular neurocognitive paper-pencil
test to assess visual attention, motor speed, and cognitive flexibility and consists of two parts:

A and B. In TMT-A, participants were presented with a paper sheet with circles with the
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numbers 1 to 25, which they must connect in a consecutive order as quickly as possible. In
TMT-B, the task sheet included again 25 circles with the numbers 1 - 13 and with the letters
A — L . Here, participants had to shift strategies and quickly connect the circles in the right
numerical or alphabetical order, alternating between numbers and letters (e.g., 1-A-2-B).
Before both TMT-A and -B, participants completed a task training sample with eight circles
each. Participants were corrected during task performance when needed. Time of task
completion in s served as a measure of processing speed (TMT-A) and cognitive flexibility
(TMT-B). The Digit Symbol Substitution Test (DSST, a subtest of the Hamburg-Wechsler
Intelligence Test) (Tewes, 1994) is also a paper-pencil test applied to measure motor speed and
visual memory. Here, participants were presented with nine simple symbols. Each symbol was
assigned to a number (1 — 9). The task sheet consisted of seven rows with 20 numbers each.
Participants were required to fill the blank spaces below each number with the according
symbol in 120 s. The first 7 digits were training trials. The assignment of symbols to digits was
visible at all times. Outcome measure was the number of correctly completed symbols (range:

0—133).

Working memory

In the Digit Span Test (DST, a subtest of the Hamburg-Wechsler Intelligence Test)
(Tewes, 1994), the investigator read out numeric sequences at a one-second rhythm that
participants had to memorize and recall forwards (DST forwards) or backward (DST
backward), immediately after the presentation. DST forwards included eight levels of difficulty
representing the length of the numeric sequences (2 — 9 digits). Levels of difficulty were
administrated in a consecutive order. When participants could not complete both trials of a
level, the task was stopped. DST backward had an identical procedure but consisted only of
seven levels of difficulty. The number of correct recalled numeric sequences forwards (range:
0 — 16) served as a measure of attention and concentration, and backward (range: 0 — 14) — as

a measure of working memory.
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2.3.4. Cognition index

We calculated a cognition index as the primary measure of cognitive functioning. The
cognition index was constructed upon scores from VLMT (Sum of Trial 1 to 5, Trial 5 minus
Trial 7, W - F), TMT (A and B, in s), DST (forwards and backward), and DSST (number of
correct symbols) and calculations were based on the neurocognitive composite score described
by Hasan et al. (2016). It included data from 59 SP, 55 HC, 20 UR (see Figure 2) and was

constructed using SPSS in the following steps:

(1) Imputation of missing data: There were three missing data points from the data set.
Using Little's Missing Completely at Random (MCAR) test, we confirmed that they
were MCARs (x> = 12.57 (13), p = .479) and therefore replaced them via the Expectation
Maximation Method (EM).

(2) Recoding of variables: The variables VLMT Trial 5 minus VLMT Trial 7, TMT-A, and
TMT-B were multiplied by -1 so that larger values would refer to a better performance.

(3) Z-transformation: All variables were transformed into z-standard scores (with M = 0,
SD = 1), to avoid influence of different scaling.

(4) Calculation of cognition index: The cognition index was constructed as the weighted

means of the z-scores using the formula:

o 1
Cognition index = ZMean(ZVLMTSum(Trial 1 to Triats) » ZVLMTryiis riat7, ZVEMTy ) +

1 1 1
2 Mean(zTMT,, zZTMTg)+ 2 zDSST + 2 Mean (zDST¢yrwards> ZDS Thackward)
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2.3.5. Imaging Data

Data acquisition

MRI data were obtained using a Siemens 3.0 Tesla MAGNETOM Skyra Scanner
(Siemens Healthineers, Erlangen, Germany) with a 20-channel phased-array head and neck
coil. To acquire high-resolution T1-weighted images, a 3D Magnetization Prepared Rapid
Gradient Echo (MPRAGE) sequence with 176 slices of 0.80 mm thickness, echo time (TE) =
2.22 ms, repetition time (TR) = 1900 ms, flip angle (FA) = 9° and 0.8 mm isotropic voxels.
Before scanning, small cushions were placed on both sides of participants’ head and a roller
cushion underneath participants’ legs to minimize head movement during scanning and
possible back strain. All data images were visually controlled for low image quality and MR

artifacts.

Data preprocessing and segmentation
Data preprocessing and segmentation was carried out by application of an in-house
high-performance-computing applicable pipeline that includes software libraries of FSL 5.0.9

(https://fsl.fmrib.ox.ac.uk) (Jenkinson, Beckmann, Behrens, Woolrich, & Smith, 2012) and

AFNI (Analysis of Functional Images; https://afni.nimh.nih.gov/) (Cox, 1996). Preprocessing

and segmentation procedures are described in detail by Beller et al. (2019) and Malchow et al.
(2016). First, we applied the brain extraction tool (BET) (Smith, 2002) and the 3dskullstrip
(AFNI) to remove the skull and other non-brain tissue (e.g., fat, skin), to reorientate the image
to FSL-friendly space, and to create a binary mask. Next, images were segmented into grey
matter (GM), white matter (WM), and CSF using FMRIB’s Automated Segmentation Tool
(FAST) (Y. Zhang, Brady, & Smith, 2001). Then, we run the FMRIB’s Linear Image
Registration Tool (FLIRT) (Jenkinson, Bannister, Brady, & Smith, 2002) and Non-linear
Registration Tool (FNIRT) (Andersson, Jenkinson, & Smith, 2007) to carry out an affine and
a non-linear registration and warped individuals’ images onto the Automatic Anatomical
Labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002) in MNI standard space (Montreal
Neurological Institute, Montreal, Canada). Herewith, we calculated parameters for total GM,
total WM, total CSF, 45 cortical, and subcortical regions for the left and right hemisphere
(AAL90) and 26 (AAL-2) cerebellum regions (list of regions, see Appendix A). All measures
were carried out in mm? and voxels. Total intracranial volume (ICV) for each participant was
also calculated as the sum of WM, GM, and CSF volumes (Dell'Oglio et al., 2015) and used as
a standardizing parameter for all brain regions, applying the residual-method (Pintzka, Hansen,

Evensmoen, & Haberg, 2015): VOLcor =VOLraw — b(ICV —ICV), where VOLcor is the
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corrected volume, VOLraw is the original volume, b is the slope of the linear regression of

VOLraw on ICV, ICV is the ICV for the subject and ICV is the mean ICV of the study sample.

2.4. Data Analysis

2.4.1. Random Forest Classification

To examine if and which brain regions could predict cognitive performance, we applied
an RF classification algorithm with a total of 238 features: age, sex, and the volume calculations
of ICV, total GM, total WM, total CSF, and WM and GM of 116 cortical and subcortical areas
(for details, see Appendix A). Since ICV was included in the model, we carried out calculations
with uncorrected volumes for all brain regions. The cut-off value to divide cognitive
performance was 1 SD below the average the cognition index means of HC und UR and set at
-0.1, resulting in two classes of patients with high cognitive (HighCog, n = 13) and low
cognitive performance (LowCog, n = 41, for details see Chapter 3.1.2.1.). The RF classifier
was  conducted using the  scikit-learn  version  0.21.3  tool  (3.2.4.3.1.
sklearn.ensemble.RandomForestClassifier) (Pedregosa et al., 2011) for Python 3.7.3. The

model builds 380 trees with a maximal depth of 20 leaves each and Gini Index (see Chapter
1.3.2.) as a splitting criterion, which is calculated as Gini(D) = 1 — XYJ_;p;* (Breimanetal,

1984), where n is the number of classes and p’ the frequency of class j in the subset D. D goes
up to the number of attributes for the feature. To control the bootstrapping's randomness and
the sampling of the features, we set the seed for the random number generator at 12. For all
parameters, see Appendix B. First, participants were randomly assigned to a training test
consisting of SP, UR, and HC (n = 110) and to a test set consisting only of SP (n = 17). Second,
the model is trained and then cross-validated with the left-out test set. This procedure was
repeated 1000 times. Every time, the confusion matrix for each class was reported, consisting
of correctly identified participants as class members (true positives, TP), correctly identified
participants as class nonmembers (true negatives, TN), falsely categorized participants as class
members (false positives, FP) and falsely categorized participants as class nonmembers (false
negatives, FN) (Ting, 2017). Upon these values, the overall and balanced accuracy (BAC),
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and

F1-score were calculated as presented in Table 4. The average parameters over the 1000 runs
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served as measures for classification performance. Due to the imbalanced dataset, we weighted

parameters by class size.

Table 4. Definitions and calculations for the classification parameters.

Parameter Formula Definition

The proportion of the study sample that is
Accuracy (TP+TN)/(TP+TN+FP+FN)
classified correctly ¥

Average of the accuracy for each class
BAC (sensitivity + specificity)/2 ) )
(correcting for imbalanced data) ¥

The proportion of positive examples that a
Sensitivity TP/(TP+FN) -
correctly classified by the model »

The proportion of negative examples that a
Specificity TN/(TN+FP) o
correctly classified by the model »

The ratio of positive examples correctly
PPV TP/(TP+FP) classified by the model and the total number

of examples ¥

The ratio of negative examples correctly
NPV TN(TN+FN) classified by the model and the total number

of negative examples ®

F1-score 2*[Sensitivity*PPV/(Sensitivity+PPV)  The harmonic mean of sensitivity and PPV ©

a) (Mower, 2005); b) (Ting, 2017); ¢) ("F1-Measure," 2017)

Finally, we estimated Gini importance, a parameter for feature importance, to detect the
most relevant brain regions for high and low cognitive performance classification. Each split
of a node on a variable results in a decrease of the impurity criterion Gini index for the
descendent nodes. Gini importance for each variable is calculated as the averaged sum of the
decrease of node impurity (Gini index), weighted by the probability of reaching that node, over
all trees in the forest (Breiman, 2001; Breiman et al., 1984). Thus, the larger the value, the more
important the feature for the classification model. The Gini importance values of all features
sum up to 1 (Pedregosa et al., 2011). The top seven most important features and their averaged

Gini importance values over the 1000 runs were determined.
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2.4.2. Statistical Analysis

All data preparation for calculating the cognition index and further statistical analysis
was conducted at a = .05 using SPSS 24 (IBM Inc.) for Windows. Demographic and clinical
differences between groups were assessed using y?-tests and one-way analyses of variance
(ANOVAs) with between factor ‘experimental group’ or ‘cognitive profile’ and post-hoc
Tukey HSD tests. Via Pearson’s correlation analysis, we investigated the relationship between
cognition index and age of onset, duration of illness, CPZ equivalents, and number of
hospitalizations. We used Kolmogorov-Smirnov (K-S) tests to test the normal distribution of

cognition index in each study group.

To explore the relationship between cognition and the most important features for the
classification, we conducted seven separate linear regression analyses with the dependent
variable ‘cognition index’ and the ICV corrected volumes of each region as predictors. A
multiple regression analysis was not performed because the assumption of independence of
residuals was violated (Durbin-Watson test = 0.84 in the whole study sample and 0.27 in SP).
Therefore, we applied the Bonferroni-correction for multiple testing and conducted the
regressions analyses at o = .007. We performed seven regression analyses for the whole study

sample (N = 127) and only for the patient sample (n = 54).

We then conducted two identical multivariate analyses of variance (MANOVA) with
the most important features as dependent variables and SP cognitive profile (HighCog vs.
LowCog) (MANOVA 1) and study group (SP vs. HC vs. UR) (MANOVA 2) as the
independent variable to explore group differences. MANOVA 1 was carried out using only the
SP sample (n = 54) and with seven post-hoc ANOV As to test how HighCog and LowCog differ
in the ICV corrected GM volumes of the most important structures. MANOV A 2 analyzed data
from the whole sample (N = 127), and we performed seven one-way ANOVAs with between-
subject factor ‘experimental group,” and post-hoc Tukey HSD tests for the ICV corrected grey
matter volumes of each region. All post-hoc ANOV As were conducted at o =.007 (Bonferroni-
corrected). In case of violation of the assumption of homogeneity of variance, the Welch

correction estimates were reported.
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3. Results

3.1. Demographic and clinical characteristics

3.1.1. Study sample for calculation of cognition index (V = 134)

Experimental groups did not differ in age (p = .232), handedness (p = .521) and
language use (p = .492), but in sex distribution (p < .001) (see Table 5). Subsequent paired -
tests indicated that the effect is due to the UR group, since SP and HC had similar sex
distribution (x*(1) = 2.38, p = .123). As expected, there was a significant group difference in
cognition index (p < .001), where SP had the smallest values. Moreover, cognition index did
not correlate with CPZ equivalents (r(57) = -.02, p = .913), duration of illness (r(57) =-.14, p
= .28), age of onset (r(57) =-.166 , p = .209) and number of hospitalizations (r(55) =.02, p =
911).

Table 5. Demographic and neuropsychological characteristics of the study sample for analysis

of cognitive data (N = 134).

SP(n=59) HC@®m=55 UR (n=20) ¥2 (df) P

Sex (m : f) 49:10 39:16 6:14 20.10 (2) <.001™
Handedness (right : left : both) 53:5:1 49 : 6 16:4 3.23(4) 521
Language (native : foreign) 50:9 48 :7 19:1 1.42 (2) 492
M (SD) M (SD) M (SD) F (dfr, df2) )4

Age 3493 (11.39) 32.69(11.48) 37.95(15.16) 1.47(2,131) 232
Cognition Index -0.54 (0.66) 0.47 (0.50) 0.28 (0.65) 44.30(2,131) <.001™"

p<.05,7p <.01, " p <.001

3.1.2. Study sample for the machine learning analysis (N = 127)

There were no differences between experimental groups regarding age (p = .461),
handedness (p = .460) and language use (p = .555). We observed again a significant effect of
experimental group in sex distribution (p < .001). Direct comparison of HC and SP, however,
showed no differences (y*(1) = 2.55, p = .110). As expected, the groups further differed in
smoking behavior (p < .001), educational years (p = .007) and crystalline intelligence (p<.001)
(see Table 4). Tukey HSD post-hoc tests revealed that SP had significantly fewer educational
years (p = .009) and smaller value for crystalline intelligence (WST-R: p <.001; IQ: p <.001)
than HC. UR also had greater values for crystalline intelligence than SP (WST-R: p =.003; 1Q:
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p = .001). There were no significant differences between SP and UR (all p > .005, for

descriptive data, see Table 6).

Table 6. Demographic and neuropsychological characteristics of the sample for the machine

learning analysis (N = 127).

SP (n =54) HC (n =54) UR (n =19) ¥2 (df) P
Sex (m : f) 45:9 38:16 5:14 21.52 (2) <.001™
Handedness (right : left : 48:5:1 49:5 15:4 3.62 (4) 460
both)
Language (native : foreign) 46 : 8 477 18:1 1.17 (2) 555
Smoking (no : yes) 18:36 41:12 16:3 27.18 (2) <.001™

M (SD) M (SD) M (SD) F (df1, df?) p
Age 34.31(10.91) 32.80(11.57)  36.63(14.35)  0.78 (2, 124) 461
Crystalline I1Q 103.09(14.70) 114.43(11.56) 116.16(13.20) 12.45(2,124) <.001*"
WST-R 29.74 (7.74) 34.69 (3.97) 35.05 (4.40) 11.25 (2, <.001™
59.96)

Edinburgh Scale 0.72 (0.41) 0.75 (0.51) 0.67 (0.67) 0.15 (2, 116) .860
Education Years 14.57 (4.18) 16.56 (2.71) 16.63 (3.01) 5.23(2,124) 007
Cognition Index -0.53 (0.66) 0.47 (0.50) 0.32 (0.65) 40.34 (2,124) <.001™

p<.05,"p <.01, " p <.001

3.1.2.1. Results on cognition index

As expected, the one-way ANOV A on cognition index revealed a significant difference
between experimental groups (p < .001, Table 6). A Tukey HSD post hoc test showed that the
cognition index was statistically lower in the SP group than in the HC (p < .001) and UR (p <
.001) groups. Although HC had numerically higher cognition index than UR, the difference
did not reach significance (p = .614). Pearson’s correlation analysis showed no significant
correlations between cognition index and clinical parameters such as age of onset (r(52) =-.01,
p =.350), duration of illness (r(52) = -.13, p = .480), CPZ equivalents (r(52) = -.10, p = .941)
and number of hospitalizations (r(51) = .07, p = .604).

Cognition index was normally distributed in SP (K-S test: p = .796), in HC (K-S test:
p=.437) and in UR (K-S test: p = .758). The cut-off value for SP's high and low cognitive
performance was set at -0.1, approximately 1 SD below the collective cognition index score of

SP and UR (M =0.43, SD = 0.55). As previously demonstrated (Keefe & Fenton, 2007), while
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SP's distribution was shifted about 2 SDs below the distribution of HC, both distributions still
overlapped substantially. Specifically, 24.1% of SP (n = 13) performed as the majority of HC
with cognition index values above -0.1 (see Figure 3). Accordingly, small part of HC (9.3%,
n=135) and UR (15.8%, n = 3) achieved a cognition index score below -0.1 as the majority of
SP (75.9 %, n = 41). The resulted patient groups with high (HighCog) and low cognitive
(LowCog) did not differ in their age (p = .201), sex distribution (p = .319), medication use and
overall clinical data. LowCog had significant lower values in negative symptoms, which
include cognitive deficits, as measured by PANSS (p = .008) and SANS (p < .001) than

HighCog. Detailed descriptive and statistical data are presented in Table 7.

Distribution of the cognition index
45.0% 1 42.6%  421%

B SP (n = 54)
40.0% A )
35.2 = UR (n=19)
35.0% -
HC (n=54
3000/0 b 25.9% ( )
- 25.99
2 25.0% A
o~
O 20.0% A
3
15.0% +
X
10.0% + 7.4%

5.3% 5.6%

5.0% 41.9°% o
6.0% 0.0% 0.0% .0.0%1'9'° 0.0% 0.0
0.0% - v v

3.7%
0.0% 0.0%

<-2.0 -19--15 -14--10 -09--06 -05--0.1 00-05 06-10 1.1-15 16-2.0

Cognition index score

Figure 3. Distribution of cognition index score across all experimental groups (N = 127):
schizophrenia patients (SP, n = 54), healthy controls (HC, n = 54) and unaffected
relatives (UR, n = 19).

3.1.2.2. Description of the patient group (SP, n = 54).

On average, patients had mild to moderate schizophrenia symptoms as indicated by
PANSS Total (M = 60.23, SD = 15.93) (Leucht et al., 2005) and SANS composite (M = 35.83,
SD = 16.96) scores. Furthermore, values of BDI-II (M = 14.32, SD = 9.11) and IDS-C
(M =19.38, SD = 9.93) revealed mild symptoms of depression. In accordance, ratings of CGI
(M =3.92,8D =0.87) and GAF (M = 56.40, SD =9.24) suggested a mild to moderate symptom
severity and difficulties in social, occupational, school functioning. In line with previous
research (e.g., Riither et al., 2014), the majority of the patients were tobacco users (66.7 %,
n = 36) and had a moderate level of nicotine dependence as measured by FTND (M = 4.44,
SD = 2.16). All but two patients were medicated, and 51.9% (n = 24) received antipsychotic
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monotherapy. SP consisted of patients at different stages of illness, since one third of them

(33.3 %, n = 18) had schizophrenia for less than 2 years, and another third of them (29.6%,
n = 16) - for more than 10 years (see Table 7).
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Table 7. Demographic and clinical data of the patient group (SP, n

= 54), the patient

subgroups with high cognitive (HighCog, n = 13) and low cognitive (LowCog, n =

41) performance
SP HighCog SP LowCog SP  y2 (df) p
(n=54) (n=13) (n=41)
Sex (m: f) 45:9 12:1 33:8 0.99 (1) 319
Handedness (right : left : 48 :5:1 10:3 38:2:1 4.12 (2) 127
both)
Language (native : foreign) 46 : 8 11:2 35:6 <.01 (1) 947
Smoking (no : yes) 18 :36 5:8 13:28 203 (1) 910
Antipsychotic monotherapy 24 :30 4:9 20:21 1.30 (1) 255
(y:m)
Antipsychotic combination 28 :26 8:5 20:21 0.64 (1) 422
therapy (y: n)
Clozapine (y : n) 9:45 0:13 9:32 3.42 (1) .064
Antidepressants (y : n) 9:45 1: 12 8:33 0.99 (1) 319
Benzodiazepine (y : n) 8:46 3:10 5:36 93 (1) 336
M(SD) M (SD) M (SD) F (df, df>) p
Cognition Index -0.53 (0.66) 0.23 (0.31) -0.77 (0.55)  39.01 (1,52) <.001™*
Age 34.31 (10.91) 30.92 (10.19) 35.39 (11.02) 1.68 (1,52) 201
Education Years 14.57 (4.18) 15.85 (5.58) 14.17 (3.62) 1.61(1,52) 210
FTND 4.44 (2.16) 3.25(1.98) 4.79 (2.11) 3.37(1,34) 075
CPZ equivalents 488.45 (334.88) 517.98 (345.64) 479.08 (335.23) 0.13 (1,52) 719
Age of onset 25.84 (8.74) 24.12 (7.04) 26.39 (9.23) 0.66(1,52) 419
Duration of illness 8.42 (8.70) 6.81 (7.92) 8.93(8.97) 0.58(1,52) 450
Hospitalizations 3.43 (2.71) 3.15(2.67) 3.58(2.75) 0.23(1,51) .632
PANSS Positive Scale 13.51 (5.25) 13.38 (4.82) 13.55 (5.44) 0.01(1,51) 923
PANSS Negative Scale 16.75 (5.14) 13.54 (3.80) 17.80 (5.13) 7.59 (1,51) .008™
PANSS General Scale 29.96 (8.06) 29.31 (6.98) 30.18 (8.45) 0.11 (1,51) 739
PANSS Total 60.23 (15.93) 56.23 (14.77) 61.53 (16.25) 1.09 (1,51) 302
CGI-S 3.92 (0.87) 3.69 (0.95) 4.00 (0.85) 1.22(1,51) 274
GAF 56.40 (9.24) 60.15 (11.84) 55.18 (8.03) 2.96 (1,51) .092
SANS summary global score 8.87 (3.97) 4.85 (2.58) 10.18 (3.43) 26.34(1,51) <.001™"
SANS composite score 35.83 (16.96) 19.54 (12.68) 41.13 (14.72) 22.46 (1,51) <.001™
IDS-C 19.38 (9.93) 20.67 (9.31) 19.00 (10.19) 0.26 (1,51) .614
BDI-II 14.32 (9.11) 14.58 (5.55) 14.24 (9.97) 0.23(1,33.39) .880

p<.05 7 p<.01,"p<.001
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3.2. Machine Learning Analysis

The RF classifier determined between SP with high and low performance based on
sMRI features with average accuracy (sensitivity/specificity) of 62.1% (62.1%/76.0%) and
BAC of 69.0%. Furthermore, the classifier achieved a mean PPV (F1-score) of 79.7 % (0.65)
and an NPV of 48.6%. Each class's results individually indicated that HighCog is classified

more sensitively, whereas the specificity for LowCog was higher (both values 82.3%)>.

Table 8. Classification performance parameters overall and for each class (HighCog vs.

LowCog

RF-Classifier HighCog? LowCog?
M 95%CI [LL, UL) M 95%CI [LL, UL) M 95%CI [LL, UL)

Accuracy 62.1%* [61.4%, 62.7%]

BAC 69.0% [68.3%, 69.7%]
Sensitivity 62.1% [61.4%, 62.7%] 82.3%> [81.0%, 83.5%] 55.7% [54.9%, 56.45%]
Specificity 76.0% [75.0%, 77.0%] 55.7%* [54.9%, 56.5%] 82.3% [81.0%, 83.5%]

PPV 79.7% [79.1%, 80.2%] 36.8%* [36.0%, 37.7%] 91.4% [91.0%, 92.0%]
NPV 48.6% [47.6%, 49.5%] 91.4%2 [91.0%, 92.0%] 36.8% [36.0%, 37.7%]
F1-score 0.65 [0.64, 0.65] 0.49 [0.48, 0.50] 0.68  [0.68, 0.69]

As expected, the model identified GM volumes of prefrontal regions as features of
highest importance (right dorsolateral Superior Frontal Gyrus, left and right Middle Frontal
Gyri, left opercular Inferior Frontal Gyrus) for the classification. Among the seven most
important features were also GM volumes of regions of the occipital lobe (right Lingual Gyrus),
the parietal lobe (right Supramarginal Gyrus), and the temporal lobe (left Superior Temporal
gyrus). All importance values are rather small (range .01-.03) and summed up to 0.10 (see

Figure 4).

2 In the context of binary classifiers, calculations of performance parameters (as presented in Table 4) result in
identical values of sensitivity and PPV of Class 1, and specificity and NPV of Class 2 and vice versa. Overall
ACC equals balanced sensitivity
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x=0.8;y=0.78;2=0.78

Brain Region Importance
Superior Frontal Gyrus, dorsolateral part (right) .027924
Middle Frontal Gyrus (left) .014565
Middle Frontal Gyrus (right) .013542
Inferior Frontal Gyrus, opercular part (left) 012815
Lingual Gyrus (right) .012354
Supramarginal Gyrus (right) .011344
l Superior Temporal Gyrus (left) 011267

Figure 4. Results of Random Forest Classification: Mean importance values of the top seven

features for classification accuracy
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3.2.1. Subsequent regression analysis

The subsequent separate linear bivariate regression analysis on cognition of the whole
study sample (N = 127) as the dependent variable and the brain regions as predictors revealed
significant results for all structures (all p < .001), but for the left Middle Frontal Gyrus (p =
.062, see Table 9). The regression coefficients indicate a positive relationship, viz. a higher
GM volume of right Superior Frontal Gyrus, right Middle Frontal Gyrus, Inferior Frontal
Gyrus, right Lingual Gyrus, right Supramarginal Gyrus, and left Superior Temporal Gyrus
predicts a higher cognition index. In contrast, the regression coefficient for the left Middle
Frontal Gyrus is negative, so a low GM volume causes a high cognition index (not significant).

For linear regression coefficients and equations, see Table 9 and Figure 5.

Table 9. Results from the separate bivariate regression analysis with the dependent variable
‘cognition index’ and the ICV-corrected grey matter volumes of the most important

brain regions as predictors in the whole study sample (N = 127).

Predictors B t P R? F  df, df2) P
Superior Frontal Gyrus, dorsolateral part (right) .495 6.37  <.001™" .245 40.55 (1,125) <.001™
Middle Frontal Gyrus (left) -.166 -1.89 .062 .020 3.56 (1, 125) .062
Middle Frontal Gyrus (right) 484 6.19 <.001"" 235 3833 (1,125) <.001™"
Inferior Frontal Gyrus, opercular part (left) 322 3.80 <.001"" .103 1441 (1,125) <.001™
Lingual Gyrus (right) 314 3.69 <.001"" 098 13.65 (1,125) <.001™"
Supramarginal Gyrus (right) 369 445  <.001™ 137 19.76 (1,125) <.001™
Superior Temporal Gyrus (left) 418 5.14  <.001™ 175 2646 (1,125) <.001™

“p <.001
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Figure 5. Linear regression analysis using the whole study sample (N = 127) with dependent
variable ‘cognition index’ (y-axis) and predictors (x-axis): A. Superior Frontal
Gyrus, dorsolateral part (right); B. Middle Frontal Gyrus (left); C. Middle Frontal
Gyrus (right), D. Inferior Frontal Gyrus, opercular part (left); E. Lingual Gyrus
(right); F. Supramarginal Gyrus (right) and G. Superior Temporal Gyrus (left).
"p <.001
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The subsequent separate linear bivariate regression analysis on cognition of SP (n = 54)
as the dependent variable and the brain regions as predictors revealed no significant results (see
Table 10). Despite not reaching statistical significance, the results' pattern, including the

regression direction, resembled those in the whole study sample (Figure 6).

Table 10. Results from the separate bivariate regression analysis with the dependent variable
‘cognition index’ and the ICV-corrected grey matter volumes of the most important

brain regions as predictors in the patient group (N = 54).

Predictor B t P R? F  (dfi, df2) 4
Superior Frontal Gyrus, dorsolateral part (right) .282 2.12 .039 .080 4.50 (1,52) .039
Middle Frontal Gyrus (left) -077 -0.56 .580 006 031 (1,52) .580
Middle Frontal Gyrus (right) 192 141 .164 037 199 (1,52) .164
Inferior Frontal Gyrus, opercular part (left) 108 0.78 438 012 0.61 (1,52) 438
Lingual Gyrus (right) 071 0.51 611 005 0.26 (1,52) .611
Supramarginal Gyrus (right) 222 1.64 .106 049 270 (1,52) .106

Superior Temporal Gyrus (left) 124 0.90 374 015 0.81 (1,52) 374
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Figure 6. Linear regression analysis using the patient group (n = 54) with dependent variable
‘cognition index’ (y-axis) and predictors (x-axis): A. Superior Frontal Gyrus,
dorsolateral part (right); B. Middle Frontal Gyrus (left); C. Middle Frontal Gyrus
(right), D. Inferior Frontal Gyrus, opercular part (left); E. Lingual Gyrus (right); F.
Supramarginal Gyrus (right) and G. Superior Temporal Gyrus (left).
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3.2.2. Subsequent group comparison analysis
3.2.2.1. Schizophrenia Cognitive Profiles (LowCog vs. HighCog)

The one-way MANOVA showed no significant difference between the cognitive
profiles in SP (LowCog vs. HighCog) on the combined dependent variables (ICV corrected
GM volumes of the most important regions) with F(7, 46) = 1.75, p =.210, Wilks A =.79. The
post-hoc ANOV As indicated no significant differences between groups in volumes of all seven
brain regions (all p > .007) (see Table 11). HighCog had numerically larger GM volumes of
right Superior Frontal Gyrus, right Middle Frontal Gyrus, left Inferior Frontal Gyrus, right
Supramarginal Gyrus, and left Superior Temporal Gyrus than LowCog. In contrast, the GM
volumes of left Middle Frontal Gyrus and right Lingual Gyrus were numerically greater in

LowCog (see Figure 7). However, none of these numerical differences reached statistical

significance.
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Figure 7. Box plots of the grey matter volumes of the most important brain regions across
cognitive profiles in schizophrenia patients HighCog (n = 13) and LowCog (n =41).
Boxes represent the ICV corrected values within the 25" and 75" percentile. Central
horizontal lines indicate medians. Whiskers indicate the 1.5 interquartile distance.
Filled circles represent outlier data points outside the 1.5 interquartile range.
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Table 11. Effects of the post-hoc one-way ANOVAs with between-subject factor ‘cognitive

profile’ (HighCog vs. LowCog) on the ICV-corrected grey matter volumes of the

most important brain regions in the patient group (SP, n = 54).

HighCog SP LowCog SP
(n=13) (n =41) F (dfi. df) p
M (SD) M (SD)
Superior Frontal Gyrus,
; 3863142.00 (315184.35) 3550009.63 (422642.00) 8.17 (1,26.96)  .008
dorsolateral part (right)
Middle Frontal Gyrus
(lefo) 4733883.31 (555831.49) 4810721.49 (469435.52) 0.24 (1, 52) .625
Middle Frontal Gyrus
(right) 4646749.15  (269666.76) 4396657.24 (535684.72) 497 (1,41.38)  .031
Inferior Frontal Gyrus,
frierior rrontal LIyrus 5489685.77 (434427.77) 5323721.10 (623642.32) 0.79 (1, 52) 377
opercular part (left)
Lingual Gyrus (right) 6288919.00 (515276.55) 6473147.27 (604846.03) 0.98 (1, 52) 327
Supramarginal Gyrus
(right) 9502148.77 (562718.98) 9238014.73 (963253.30) 0.88 (1, 52) 354
Superior Temporal
8551993.23  (497381.28) 8473412.98 (845095.95) 0.17 (1,35.18) .683

Gyrus (left)

3.2.2.2. Experimental groups

The one-way MANOVA showed a significant difference between the experimental

groups (SP vs. HC vs. UR) on the combined dependent variables (ICV corrected GM volumes
of the most important regions) with F(14, 238) = 6.80, p < .001, np>=0.29, Wilks A = .51. The

post-hoc ANOV As indicated significant differences between groups in volumes of all seven

brain regions (all p < .007) (see Table 12). Post-Hoc Tukey HSD tests indicated that SP had

significantly smaller GM volumes of right Superior Frontal Gyrus, right Middle Frontal Gyrus,

Inferior Frontal Gyrus, right Lingual Gyrus, right Supramarginal Gyrus, and left Superior

Temporal Gyrus than HC and UR (all p < .05). In contrast, there were no differences between

HC and UR (all p > .05). Surprisingly, the volumes of left Middle Frontal Gyrus were in SP

and UR significantly greater than in HC (both p < .001). For details, see Table 12 and Figure

8.
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Figure 8. Box plots of the grey matter volumes of the most important brain in the patient (SP,
n = 54), control (HC, n = 54), and unaffected relatives (UR, n = 19) groups.
Boxes represent the ICV corrected values within the 25" and 75" percentile. Central
horizontal lines indicate medians. Whiskers indicate the 1.5 interquartile distance.
Filled circles represent outlier data points outside the 1.5 interquartile

range.'dorsolateral part, 2opecular part, “p < .05, “p <.01, *p <.001
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Table 12. Effects of the post-hoc one-way ANOVAs with between-subject factor ‘experimental group’ (SP vs. HC vs. UR) with post-hoc Tukey

HSD tests on the ICV-corrected grey matter volumes of the most important brain regions.

SP HC UR F (dfr. df2) p '’ Tukey HSD: p
M (SD) M (SD) M (SD)
. SPvs. HC  <.001""
S Frontal G s ) . . - e
dup erll or rlon ey r}llls ?4612 953(?5 93 55) 339 66;796355 792) 35171958 3454 76 53) 11522, 124)  <.001™" 157 SPvs.UR 003"
orsolateral part (right) . . . HC vs UR 086
SP vs. HC <.001*
4792223.41 4342992.33 4966560.42
Middle Frontal Gyrus (left) 1658 (2,124)  <.001"" 211  SPvs.UR 382
(487203.18) (473589.11) (553714.27) el o
SPvs. HC  <.001""
. . 4456864.56 4892600.85 5043278.42
1676 (2, 124)  <.001" 213 SPvs.UR  <.001
Middle Frontal Gyrus (right) (494656.70) (390736.36) (578205.34) (2. 124) Ve
HC vs UR 450
. SP vs. HC .003*
Inferior Frontal Gyrus, opercular 5363675.56 5776020.50 5788460.16 " .
{ 11 fi Y (584287.85) (632394.36) (783874.38) 0002124 002 09 SPvs. UR 036
ey ' ' ' HC vs UR 997
SPvs. HC  <.001""
. . 6428796.02 6829137.98 7103278.21 . ;
Lingual Gyrus (right) 12.81 (2, 124) <.001™ 171 SPvs. UR <.001™
(585269.96) (499915.75) (629769.71) e UR 160
SP vs. HC .003™
: : 9301602.56 9874891.56 10200397.32
592,124 <.001 134  SPvs.UR  <.001
Supramarginal Gyrus (right) (885978.11) (779171.97) (1123531.57) 9.59 (2, 124) 00 3 SP vs. U 00
HC vs UR 353
SP vs. HC <001
8492330.44 9302882.35 9661914.42 . o
ior T 1 lef 21.64(2,124)  <.001™ 259 SPvs.UR  <.001™
Superior Temporal Gyrus (left) (772121.47) (704953.45) (1052610.10) 2. 124) ? " chSs OR o

p <.05, “p <.01, " p <.001
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4. Discussion

The present study aimed to distinguish between different cognitive subtypes in
schizophrenia using machine learning. Specifically, we expected an RF algorithm applied to
GM and WM volumetric data of SP, HC, and UR to classify with accuracy above 50% between
patients with high and low cognition and identify the most relevant brain structures. As
expected, the RF algorithm achieved an accuracy of 62.1% and BAC of 69.0%. Furthermore,
it recognized prefrontal, temporal, parietal, and occipital structures among the seven most
important for the classification. Greater volumes of all identified structures, except the left
Middle Frontal Gyrus, significantly predicted good cognitive performance. However, these
regression analyses reached significance only in the whole study sample and not in the patient
group alone. Similarly, against our hypothesis, there were no differences in the most important
features between HighCog and LowCog. Finally, group comparisons revealed significantly
smaller GM volumes in all identified structures than UR and HC, except for the left Middle

Frontal Gyrus, where SP and UR had significantly greater volumes than HC.

4.1. Performance parameters of the RF algorithm

The obtained overall and balanced accuracy is within the range of 60-80% reported by
prior studies using machine learning to sMRI data to discriminate schizophrenia patients from
controls (de Filippis et al., 2019). Moreover, our model achieved slightly higher accuracy
values than the only previous work that applied multivariate pattern analysis (SVM) to
neuroanatomical variables to classify two cognitive subtypes in schizophrenia with accuracy
<60% (Gould et al., 2014). Both sensitivity and specificity were above 50%, with higher values
for specificity (76%), indicating that the model could better recognize a non-member than a
member of HighCog or LowCog. Similarly, the PPV value (~80%) was much higher than the
NPV value, the latter being <50%. However, these findings could be due to the imbalanced
class sizes, since binary classifiers are often biased towards the majority class (LowCog)
(L6pez, Fernandez, Garcia, Palade, & Herrera, 2013). Indeed, the sensitivity of HighCog and
the specificity of LowCog were relatively high (>80%), where HighCog is more than three
times smaller in size than LowCog. It is plausible that the algorithm recognized most members
of the smaller class but had difficulties to discriminate them from the majority class and thus

obtained high sensitivity and low specificity values (for calculations, see Table 4).
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Consequently, the results of other performance parameters mirrored this effect with very high

PPV for LowCog and very high NPV for HighCog (>90%).

4.2. Neuroanatomical structures of importance

The top seven most relevant features included GM volumes of prefrontal (the right
dorsolateral Superior Frontal Gyrus, bilateral Middle Frontal Gyrus, left opercular Inferior
Frontal Gyrus), temporal (the left Superior Temporal Gyrus), parietal (the right Supramarginal
Gyrus), and occipital (the right Lingual Gyrus) regions. Notably, their importance indexes were
small and summed up to 0.10 from max. 1.0, indicating that neuropsychological performance
in schizophrenia and overall is associated not with single brain regions but with whole neuronal
networks. This notion is supported by modern neuroscience, demonstrating cognitive processes
as a result of dynamic and complex structural and functional connections, hierarchical and
heterogeneous in nature (e.g., Lynn & Bassett, 2019; Mazoyer et al., 2001). Overall,
intelligence, attention, and executive functions have been associated with general GM volume,
ICV, volumes of the prefrontal lobe and the cerebellum (e.g., Andreasen et al., 1993; Hogan et
al., 2011), a more effective brain organization (Y. Li et al., 2009) and the global connectivity
of the prefrontal cortex (Cole, Yarkoni, Repovs, Anticevic, & Braver, 2012). In accordance,
we found that large GM volumes of the right dorsolateral Superior Frontal Gyrus, right Middle
Frontal Gyrus, left opercular Inferior Frontal Gyrus, right Lingual Gyrus, right Supramarginal
Gyrus, and left Superior Temporal Gyrus predicted strong cognitive performance in the whole
study sample. Furthermore, these regions had reduced GM volume in SP compared to HC and
UR. The present findings are in line with previous evidence of an association between cognitive
deficits and the decreased whole brain and GM volumes, specifically in frontal and temporal

structures in schizophrenia (Antonova et al., 2004).

The dorsolateral Superior Frontal Gyrus is anatomically and structurally connected to
the Middle Frontal Gyrus, which includes the DLPFC, and the Inferior Frontal Gyrus and are
all associated with working memory and attention (W. Li et al., 2013). Furthermore, fMRI
studies have demonstrated that the right Middle Frontal Gyrus is essential for switching
between top-down and bottom-up attentional control networks (Japee, Holiday, Satyshur,
Mukai, & Ungerleider, 2015), filtering distracting information (Marini, Demeter, Roberts,
Chelazzi, & Woldorff, 2016), and numeracy (Koyama, O’Connor, Shehzad, & Milham, 2017).
The left Inferior Frontal Gyrus is associated with language processing, working memory,

empathy (Liakakis, Nickel, & Seitz, 2011), action observation, and imitation (Molnar-Szakacs,
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Iacoboni, Koski, & Mazziotta, 2005). Its opercular part includes a portion of Broca’s area and
is involved in speech production (Brown, Ingham, Ingham, Laird, & Fox, 2005) and
phonological processing (Nixon, Lazarova, Hodinott-Hill, Gough, & Passingham, 2004).
Noticeably, language processing requires the activation of other most important features like
the Supramarginal Gyrus and the Superior Temporal Gyrus, among others (Price, 2012). The
Supramarginal gyri are involved in phonological processing and verbal memory (Deschamps,
Baum, & Gracco, 2014), where the right one is associated with empathy and emotional
processing as well (Preckel, Kanske, & Singer, 2018; Silani, Lamm, Ruff, & Singer, 2013).
The left Superior Temporal Gyrus often includes the Wernicke area and is responsible for
phonological and semantic language comprehension (Buchsbaum, Hickok, & Humphries,
2001; Leff et al., 2009). The right Lingual Gyrus is associated with visual processing (Fink et
al., 1996) and divergent thinking (L. Zhang et al., 2016). In conclusion, the RF classifier
identified cortical structures of the attentional, cognitive control, and language processing
networks that have been previously found to be altered in schizophrenia (Barch & Ceaser,

2012; Sommer, Ramsey, & Kahn, 2001).

Indeed, numerous studies have reported reduced GM volumes of the prefrontal and
temporal structures in relation to executive dysfunction in schizophrenia (e.g., Antonova et al.,
2004). Several findings have demonstrated reduced GM volume of the Superior (Yamasue et
al., 2004), Middle (J. M. Goldstein et al., 1999; M. Suzuki et al., 2005), and Inferior (Buchanan
et al., 2004; Buchanan, Vladar, Barta, & Pearlson, 1998) Prefrontal Gyri, with some evidence
indicating strongest effects for the latter two regions (Harms et al., 2010). A large amount of
research focused on the DLPFC (part of the Middle Frontal Gyrus) as a neuronal basis for
working memory and executive functions. GM volume reductions and functional abnormalities
of the DLPFC (Kawada et al., 2009; Kikinis et al., 2010; Wright et al., 1999) regarding working
memory impairment have been repeatedly observed in schizophrenia (Barch & Ceaser, 2012).
Moreover, DLPFC plays a crucial role in encoding and is thus associated with episodic memory
deficits in schizophrenia (Guo, Ragland, & Carter, 2019). The decrease in the GM volume of
the left Superior Temporal Gyrus has also been consistently shown in schizophrenia and linked
to both positive symptoms such as auditory hallucinations and thought disorder (Rajarethinam,
DeQuardo, Nalepa, & Tandon, 2000) and cognitive impairment (Antonova et al., 2004).
Furthermore, structural abnormalities in the Supramarginal and Lingual Gyri have been
associated with deficits in verbal fluency, face memory, and motor speed (Geisler et al., 2015).

Notably, the right Supramarginal gyrus is also crucial for social cognition (Silani et al., 2013)



4 DISCUSSION 55

and could be hyperactivated during perspective-taking in schizophrenia (Jani & Kasparek,
2018). In addition, altered activation in the Lingual Gyri has been previously associated with
major depression (W.-N. Zhang, Chang, Guo, Zhang, & Wang, 2013). This finding is
particularly interesting since both social cognition deficits (Nuechterlein et al., 2004) and
depression symptoms (Hafner et al., 2005) are characteristic of schizophrenia but were not
explicitly investigated by the present work. Thus, it supports the notion of neurocognition,
social cognition, and negative symptoms being distinctive, yet strongly related to each other
constructs that possibly share some common neuronal pathways (K.-H. Lee, Farrow, Spence,
& Woodruff, 2004; Penn, Sanna, & Roberts, 2008; Sander et al., 2005). Surprisingly,
hippocampal structures were not among the most important for the cognitive classification,
despite their role in episodic memory in schizophrenia (Nelson et al., 1998). This result could
be explained by the cognition index's construction, of which episodic memory makes up for
only 25% (see Chapter 2.3.4.). The other 75% include executive functions, working memory,
attention, and motor speed, all associated with prefrontal structures. Moreover, as described
beforehand, episodic memory is strongly related to working memory and attention and
consequently involves activation of the DLPFC (Guo et al., 2019), which we found to have

reduced GM volume in schizophrenia.

Although the RF algorithm identified structures associated with cognition and
schizophrenia, we could not find any distinctive neuronal patterns for the different cognitive
subtypes. This finding is in line with previous work, suggesting that the structural differences
between HighCog and LowCog might be too minor to detect (Gould et al., 2014). One possible
explanation for this effect is the division of the SP sample into two groups, which, similarly to
a median split, could have led to the overestimation of group differences (MacCallum, Zhang,
Preacher, & Rucker, 2002). Future research of extreme groups (e.g., best and worst 10%) from
a larger patient pool could reveal more clear results on neuronal correlates of cognitive
heterogeneity in schizophrenia. Another unexpected result was the significantly lower GM
volumes in the left Middle Frontal Gyrus in controls than SP and UR. This finding was so
unusual that we reviewed the image quality again and could attribute it to artifacts in the left

frontal lobe that were slightly more prominent in the healthy sample.

In contrast to previous results of abnormalities in brain morphology in healthy relatives
of patients with schizophrenia (W. Zhang et al., 2020), our findings showed no group
differences between UR and HC. UR even had numerically, but not significantly, larger GM

volumes of the relevant regions than HC. We attribute this finding to the substantial difference
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in group sizes - UR is more than two times smaller and more homogenous than HC.
Furthermore, all included URs were highly educated, a factor positively correlating with GM

volumes (Arenaza-Urquijo et al., 2013), which might further contribute to the effect.

4.3. Strengths

The present study is the first to predict cognition in schizophrenia using a machine
learning paradigm on sMRI data of patients, unaffected relatives, and healthy controls. On the
one hand, we incorporated previous evidence of cognitive heterogeneity in schizophrenia
(Joyce & Roiser, 2007), partial heritability of neuropsychological deficits (Bora et al., 2014),
and the common but compromised neurocognitive brain networks in patients compared to
healthy controls (Minzenberg et al., 2009). On the other hand, we applied a less common
machine learning method in psychiatry, an RF classifier (Dwyer et al., 2018). Hence, the
current study both provides further evidence for the neurobiological pathways of cognitive
deficits in schizophrenia and contributes to the methodological knowledge by demonstrating
the feasibility of the RF classifier. Only one previous work applied similar methods to classify
two cognitive subtypes in schizophrenia upon sMRI data (Gould et al., 2014). Here, the authors
applied a VBM model only to patient data to discriminate between the predefined cognitive
subgroups and achieved an accuracy initially slightly lower (<60%), which then increased to
>80% for female patients after sex stratification. They also conducted several other VBM
analyses to discriminate each cognitive profile from healthy controls (Gould et al., 2014).
However, they did not perform the analysis including cognitive data from healthy participants.
Thus, the present work complements their findings by showing the effective classification of

patients’ cognitive performance by including HC and UR data.

Another key strength of the current study is that the patient sample accurately
represented the clinical picture of schizophrenia in Germany. For instance, we included in and
outpatients with mild to moderate-severe symptoms, most of whom received antipsychotic
medication. Furthermore, they were in different stages of the disease, with DOI ranging from
less than one to over ten years. Moreover, the results on cognition of SP, HC, and UR mirrored
previous findings patients’ neuropsychological being ca. 2 SDs worse than in healthy
participants with significant overlapping of both distributions (Keefe & Fenton, 2007).

Therefore, we believe that our study has high external validity for schizophrenia.
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Lastly, another advantage of the current work is the application of standard testing tools
and, thus, the high comparability with previous research. For instance, we assessed cognitive
performance with traditional tests used in general neuropsychological diagnostic (Lezak et al.,
2012; Tewes, 1994) and are also part of specific test batteries for schizophrenia like RBANS
(Wilk et al., 2004), BACS? (Keefe et al., 2004) and MCCB* (Nuechterlein & Green, 2006).
Moreover, the tests are applied in numerous observational and treatment studies on cognitive
deficits in schizophrenia (e.g., Hasan, Guse, et al., 2016; Malchow et al., 2016). The
comparability is further increased by the assessment of psychopathology with PANSS (Kay et
al., 1987) and SANS (Andreasen, 1989), which are standard tools in clinical research (T.
Suzuki, 2011).

4.4. Limitations

The main critical point of the current work is the relatively small study sample of 127
participants, which could have limited the generalizability of our results. Although comparable
with previous publications (for an overview, see Arbabshirani et al., 2017, page 146, Table 3),
recent research demonstrated the disadvantages of studies with similar case numbers when
applying multivariate pattern recognition tools (Dwyer et al., 2018; N. Tandon & Tandon,
2019). The sample size is especially crucial in works investigating heterogeneous groups,
directly affecting prediction accuracy (Schnack & Kahn, 2016). A possibility to increase the
findings' generalizability is cross-validation of the current model with an independent sample
(Schnack & Kahn, 2016; N. Tandon & Tandon, 2019). Unfortunately, an independent dataset
of schizophrenia patients with similar cognitive, imaging, and clinical variables was
unavailable. In the future, however, we plan to validate our findings cooperating with the
Exercise study (Maurus et al., 2020), which has an almost identical dataset but is still in the

data acquisition phase.

Another critical point is the calculation Gini importance as future importance. Although
widely used due to its low computation cost, it could lead to an inflation of the importance of
continuous variables (Wright, Dankowski, & Ziegler, 2017). In future models, a correction

could be applied to avoid this bias (Nembrini, Konig, & Wright, 2018)

3 BACS: The Brief Assessment of Cognition in Schizophrenia
4 MCCB: The MATRICS Consensus Cognitive Battery
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Our findings could also be limited by the operationalization of neuropsychology and
the definition of cognitive subgroups. As aforementioned, we used standard measures to assess
cognitive deficits and increase comparability. Although feasible and effective in a clinical
context, these traditional tests are often criticized for being unspecific (Snyder et al., 2015).
We attempted to address this issue by constructing a global cognition index in line with the
generalized cognitive deficit hypothesis (Braff et al., 1991; Gold & Dickinson, 2013).
However, several authors have opposed this theory demonstrating more selective
neuropsychological impairments in schizophrenia (Chapman & Chapman, 1989; Green et al.,
2012). Most recently, Geisler et al. (2015) defined four cognitive subgroups with specific
deficits and linked them to distinct structural and functional brain patterns. Therefore, applying
more precise neuropsychological measures (Snyder et al., 2015) could help us elicit clearly
defined subgroups and better understand the neural basis of cognitive heterogeneity in

schizophrenia.

Moreover, the separation of the patient sample in HighCog and LowCog upon a data-
driven cut-off value could also be problematic. First, as described in Chapter 4.2., a
dichotomization of a continuous variable could cause several methodological issues such as
information loss and overestimation of effect size (MacCallum et al., 2002). Second, despite
using standard methods for setting the cut-off value (e.g., Keefe & Fenton, 2007), this method

is still very oriented to the particular dataset and could lower results' generalizability.

Lastly, the RF algorithm did not include duration of illness, age of onset, and
antipsychotic medication as features, all associated with structural brain alterations in
schizophrenia (Guo et al., 2015; Hashimoto et al., 2018; van Erp et al., 2018) and thus, potential
confounding variables. Despite demonstrating that these factors did not correlate with
cognition or differ between cognitive profiles (see Chapter 3.1.2), we cannot make any
assumptions about their impact on the classification. Moreover, we used only cross-sectional

data, which could further limit the generalizability of the current findings.

4.5. Implications

The current findings have several implications for both treatment and research. First,
they provide further empirical evidence of the neurobiological underprints of cognitive
dysfunction and, consequently, new possible avenues to treat them. For instance, novel
neurostimulation methods applied to the DLPFC could improve working memory in

schizophrenia (Hasan, Guse, et al., 2016; Papazova et al., 2018). However, most studies focus
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only on the prefrontal cortex (Hasan, Strube, Palm, & Wobrock, 2016). Our findings confirm
the role of temporal, occipital, and parietal brain regions in cognitive processing and indicate
them as possible stimulation targets. Future trials should investigate if brain stimulation of

these areas would successfully treat cognitive deficits in schizophrenia.

Second, our findings underline the potential of cognitive profiling to tackle
heterogeneity in schizophrenia (Chapman & Chapman, 1989). Here, we were able to determine
critical brain regions by linking them to two neuropsychological subgroups. In addition,
previous research linked cognitive dysfunction to several candidate genes (e.g., DISC1) in
schizophrenia (Zai et al., 2017). Indeed, cognitive impairment and specific deficits (e.g.,
working memory) emerged in recent years as possible endophenotypes for genetic liability in
schizophrenia (Gur, 2007; Park & Gooding, 2014; Snitz et al., 2006). For instance, a recent
work applied an RF algorithm to predict six cognitive subtypes upon genetic data (Zheutlin et
al., 2018). Therefore, combining cognitive, molecular, and imaging findings with machine
learning algorithms is the next step in characterizing distinctive schizophrenia endophenotypes.
It could even help us move away from the broad construct of schizophrenia towards a psychosis
spectrum with several subgroups with specific symptom patterns (Guloksuz & van Os, 2018;

N. Tandon & Tandon, 2019).

Finally, the current work provides a basis for future research. Here, we predicted
cognition in schizophrenia, using only volumetric brain data. However, previous research
linked neuropsychological deficits to further parameters such as cortical thickness (Ehrlich et
al., 2011), WM density (measured with DTI) (Dwork, Mancevski, & Rosoklija, 2007), and
resting-state connectivity (Sheffield & Barch, 2016). Moreover, various socio-demographic
factors, such as educational background (Heinrichs, 2005), a history of childhood trauma (Aas
et al., 2014), are also associated with neuropsychological functioning. Combining biological
and demographic parameters into the prediction model would deepen our understanding of
cognitive deficits in schizophrenia. Further research should also include “hot”
neuropsychological functions such as emotional processing and social cognition, which are
also compromised in patients with schizophrenia (Kohler & Martin, 2006; Penn et al., 2008).
Increasing the modalities of both features and dependent variables would not only benefit our
theoretical understanding but will also improve our prediction model. Indeed, previous studies
have demonstrated that the inclusion of multi-modal data and the combination of several
machine learning techniques increase classification accuracy (de Filippis et al., 2019; Sarica et

al., 2017). Therefore, future research with prediction models combining several machine
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learning tools and incorporating multi-modal parameters on cognition in schizophrenia are

much needed.

4.6. Conclusions and Outlook

Overall, we demonstrated that an RF algorithm with combined sSMRI data from patients,
healthy relatives, and controls could successfully classify two cognitive profiles in
schizophrenia with BAC of 69%. Moreover, the prediction model replicated previous findings
of prefrontal, temporal, parietal, and occipital structures playing a pivotal role in
neuropsychological functions like working memory, attention, and verbal processing
(Antonova et al., 2004; Barch & Ceaser, 2012; Sommer et al., 2001). Although the GM
volumes did not differ between the two cognitive profiles, they were significantly smaller in
the patient group than in the other two study samples. Thus, the cortical structures emerged as
potential biomarkers for schizophrenia, and their association with neuropsychological deficits
underlines the importance of cognition in etiology models in schizophrenia (e.g., Howes &
Murray, 2014; M. J. Owen et al., 2011). However, the current findings should be considered
with caution since 69% BAC is rather low in a clinical context, and the relatively small study

sample limits the generalizability.

Nevertheless, the present work provides further evidence of machine learning's
potential to resolve heterogeneity in schizophrenia and define subgroups with distinctive
symptom patterns (N. Tandon & Tandon, 2019). Future research should combine multimodal
imaging, genetics, and socio-cultural background with machine learning methods to large
samples with longitudinal data to fully understand the mechanisms of cognitive deficits in

schizophrenia and help create novel approaches for their treatment.



5 REFERENCES 61

5. References

Aas, M., Dazzan, P., Mondelli, V., Melle, 1., Murray, R. M., & Pariante, C. M. (2014). A
systematic review of cognitive function in first-episode psychosis, including a

discussion on childhood trauma, stress, and inflammation. Frontiers in Psychiatry, 4,

182.

Achim, A. M., & Lepage, M. (2005). Episodic memory-related activation in schizophrenia:
meta-analysis. British Journal of  Psychiatry, 187(6), 500-509.
doi:10.1192/bjp.187.6.500

Albus, M., Hubmann, W., Mohr, F., Tiedemann, T. V., Pechler, S., Driesslein, D., &
Kuchenhoff, H. (2019). Neurocognitive functioning in patients with first-episode

schizophrenia: results of a prospective 15-year follow-up study. Eur Arch Psychiatry

Clin Neurosci. doi:10.1007/s00406-019-01030-z

Aleman, A., Hijman, R., De Haan, E. H., & Kahn, R. S. (1999). Memory impairment in
schizophrenia: a meta-analysis. American Journal of Psychiatry, 156(9), 1358-1366.

Alloway, T. P., & Alloway, R. G. (2010). Investigating the predictive roles of working memory
and IQ in academic attainment. J Exp Child Psychol, 106(1), 20-29.
doi:10.1016/j.jecp.2009.11.003

American Psychiatric Association, D.-T. F. (2013). Diagnostic and statistical manual of mental

disorders: DSM-5™, 5th ed. Arlington, VA, US: American Psychiatric Publishing, Inc.

Andersson, J. L., Jenkinson, M., & Smith, S. (2007). Non-linear registration aka Spatial
normalisation FMRIB Technial Report TRO7JA2. FMRIB Analysis Group of the
University of Oxford.

Andreasen, N. C. (1989). The Scale for the Assessment of Negative Symptoms (SANS):
conceptual and theoretical foundations. The British Journal of Psychiatry, 155(S7), 49-
52.

Andreasen, N. C., Flaum, M., Swayze, V., 2nd, O'Leary, D. S., Alliger, R., Cohen, G., ... Yuh,
W. T. (1993). Intelligence and brain structure in normal individuals. Am J Psychiatry,
150(1), 130-134. doi:10.1176/ajp.150.1.130



5 REFERENCES 62

Antonova, E., Sharma, T., Morris, R., & Kumari, V. (2004). The relationship between brain

structure and neurocognition in schizophrenia: a selective review. Schizophr Res, 70(2-

3), 117-145. doi:10.1016/j.schres.2003.12.002

Arbabshirani, M. R., Plis, S., Sui, J., & Calhoun, V. D. (2017). Single subject prediction of
brain disorders in neuroimaging: Promises and pitfalls. Neuroimage, 145, 137-165.

doi:https://doi.org/10.1016/j.neuroimage.2016.02.079

Arenaza-Urquijo, E. M., Landeau, B., La Joie, R., Mevel, K., Mézenge, F., Perrotin, A., . . .
Chételat, G. (2013). Relationships between years of education and gray matter volume,
metabolism and functional connectivity in healthy elders. Neuroimage, 83, 450-457.

doi:https://doi.org/10.1016/j.neuroimage.2013.06.053

Baddeley, A. (2007). Working memory, thought, and action (Vol. 45): OuP Oxford.

Baddeley, A. (2010). Working memory. Curr Biol, 20(4), R136-140.
doi:10.1016/j.cub.2009.12.014

Barch, D. M., & Ceaser, A. (2012). Cognition in schizophrenia: core psychological and neural
mechanisms. Trends Cogn Sci, 16(1), 27-34. doi:10.1016/j.tics.2011.11.015

Barch, D. M., Csernansky, J. G., Conturo, T., & Snyder, A. Z. (2002). Working and long-term
memory deficits in schizophrenia: is there a common prefrontal mechanism? Journal

of abnormal psychology, 111(3), 478.

Barch, D. M., Sheline, Y. L., Csernansky, J. G., & Snyder, A. Z. (2003). Working memory and
prefrontal cortex dysfunction: specificity to schizophrenia compared with major
depression. Biological Psychiatry, 53(5), 376-384. doi:10.1016/s0006-3223(02)01674-
8

Bechi, M., Spangaro, M., Agostoni, G., Bosinelli, F., Buonocore, M., Bianchi, L., . . .
Cavallaro, R. (2019). Intellectual and cognitive profiles in patients affected by
schizophrenia. Journal of Neuropsychology, 13(3), 589-602. doi:10.1111/jnp.12161

Beck, A. T., Steer, R. A., & Brown, G. K. (1996). Manual for the beck depression inventory-
IL. San Antonio, TX: Psychological Corporation, 1, 82.

Beller, E., Keeser, D., Wehn, A., Malchow, B., Karali, T., Schmitt, A., . . . Stoecklein, S.
(2019). TI-MPRAGE and T2-FLAIR segmentation of cortical and subcortical brain


https://doi.org/10.1016/j.neuroimage.2016.02.079
https://doi.org/10.1016/j.neuroimage.2013.06.053

5 REFERENCES 63

regions-an ~ MRI  evaluation  study.  Neuroradiology, 61(2), 129-136.
doi:10.1007/s00234-018-2121-2

Bleuler, E. (1916). Die Schizophrenien (dementia praecox). Lehrbuch der Psychiatrie, 277-
330.

Boos, H. B. M., Aleman, A., Cahn, W., Pol, H. H., & Kahn, R. S. (2007). Brain Volumes in
Relatives of Patients With Schizophrenia: A Meta-analysis. Archives of General
Psychiatry, 64(3), 297-304. doi:10.1001/archpsyc.64.3.297

Bora, E., Lin, A., Wood, S., Yung, A., McGorry, P., & Pantelis, C. (2014). Cognitive deficits
in youth with familial and clinical high risk to psychosis: a systematic review and meta-

analysis. Acta Psychiatrica Scandinavica, 130(1), 1-15.

Bora, E., & Murray, R. M. (2013). Meta-analysis of Cognitive Deficits in Ultra-high Risk to
Psychosis and First-Episode Psychosis: Do the Cognitive Deficits Progress Over, or
After, the Onset of Psychosis?  Schizophr  Bull, 40(4), 744-755.
doi:10.1093/schbul/sbt085

Bora, E., Yucel, M., & Pantelis, C. (2009). Theory of mind impairment in schizophrenia: meta-
analysis. Schizophrenia Research, 109(1-3), 1-9.

Braff, D. L., Heaton, R., Kuck, J., Cullum, M., Moranville, J., Grant, 1., & Zisook, S. (1991).
The generalized pattern of neuropsychological deficits in outpatients with chronic

schizophrenia with heterogeneous Wisconsin Card Sorting Test results. Arch Gen

Psychiatry, 48(10), 891-898. doi:10.1001/archpsyc.1991.01810340023003

Breiman, L. (1996). Bagging Predictors. Machine learning, 24(2), 123-140.
doi:10.1023/a:1018054314350

Breiman, L. (1999). Random forests. UC Berkeley TR567.
Breiman, L. (2001). Random forests. Machine learning, 45(1), 5-32.

Breiman, L., Friedman, J. H., Olshen, R., & Stone, C. (1984). Classification and regression

trees: Pacific Grove: Wadsworth & Brooks.

Brown, S., Ingham, R. J., Ingham, J. C., Laird, A. R., & Fox, P. T. (2005). Stuttered and fluent
speech production: an ALE meta-analysis of functional neuroimaging studies. Human

Brain Mapping, 25(1), 105-117.



5 REFERENCES 64

Brunet-Gouet, E., & Decety, J. (2006). Social brain dysfunctions in schizophrenia: a review of

neuroimaging studies. Psychiatry Research: Neuroimaging, 148(2-3), 75-92.

Bryson, G., & Bell, M. D. (2003). Initial and final work performance in schizophrenia:
cognitive and symptom predictors. J Nerv Ment Dis, 191(2), 87-92.
doi:10.1097/01.nmd.0000050937.06332.3¢

Buchanan, R. W., Francis, A., Arango, C., Miller, K., Lefkowitz, D. M., McMahon, R. P., . ..
Pearlson, G. D. (2004). Morphometric assessment of the heteromodal association
cortex in schizophrenia. Am J  Psychiatry, 161(2), 322-331.
doi:10.1176/appi.ajp.161.2.322

Buchanan, R. W, Vladar, K., Barta, P. E., & Pearlson, G. D. (1998). Structural evaluation of
the prefrontal cortex in schizophrenia. Am J Psychiatry, 155(8), 1049-1055.
doi:10.1176/ajp.155.8.1049

Buchsbaum, B. R., Hickok, G., & Humphries, C. (2001). Role of left posterior superior
temporal gyrus in phonological processing for speech perception and production.

Cognitive Science, 25(5), 663-678.

Buettner, R., Hirschmiller, M., Schlosser, K., Rossle, M., Fernandes, M., & Timm, L. J. (2019).
High-performance exclusion of schizophrenia using a novel machine learning method

on EEG data. Paper presented at the HealthCom.

Bzdok, D., & Meyer-Lindenberg, A. (2018). Machine learning for precision psychiatry:
opportunities and challenges. Biological Psychiatry: Cognitive Neuroscience and

Neuroimaging, 3(3), 223-230.

Callicott, J. H., Straub, R. E., Pezawas, L., Egan, M. F., Mattay, V. S., Hariri, A. R., . . .
Weinberger, D. R. (2005). Variation in DISCI1 affects hippocampal structure and
function and increases risk for schizophrenia. Proc Natl Acad Sci U S A, 102(24), 8627-
8632. doi:10.1073/pnas.0500515102

Cannon, M., Caspi, A., Moffitt, T. E., Harrington, H., Taylor, A., Murray, R. M., & Poulton,
R. (2002). Evidence for early-childhood, pan-developmental impairment specific to

schizophreniform disorder: results from a longitudinal birth cohort. Arch Gen

Psychiatry, 59(5), 449-456. doi:10.1001/archpsyc.59.5.449



5 REFERENCES 65

Cannon, M., Jones, P. B., & Murray, R. M. (2002). Obstetric complications and schizophrenia:
historical and meta-analytic review. Am J Psychiatry, 159(7), 1080-1092.
doi:10.1176/appi.ajp.159.7.1080

Cantor-Graae, E., & Selten, J.-P. (2005). Schizophrenia and migration: a meta-analysis and

review. American Journal of Psychiatry, 162(1), 12-24.

Cardno, A. G., & Gottesman, 1. I. (2000). Twin studies of schizophrenia: from bow-and-arrow
concordances to star wars Mx and functional genomics. American journal of medical

genetics, 97(1), 12-17.

Carter, C. S., Mintun, M., Nichols, T., & Cohen, J. D. (1997). Anterior cingulate gyrus
dysfunction and selective attention deficits in schizophrenia:[150] H20 PET study

during single-trial Stroop task performance. American Journal of Psychiatry, 154(12),

1670-1675.

Carter, C. S., Robertson, L. C., & Nordahl, T. E. (1992). Abnormal processing of irrelevant
information in chronic schizophrenia: Selective enhancement of Stroop facilitation.

Psychiatry Res, 41(2), 137-146.

Chan, R. C. K., Di, X., McAlonan, G. M., & Gong, Q.-y. (2009). Brain Anatomical
Abnormalities in High-Risk Individuals, First-Episode, and Chronic Schizophrenia: An

Activation Likelihood Estimation Meta-analysis of Illness Progression. Schizophr Bull,

37(1), 177-188. doi:10.1093/schbul/sbp073

Chapman, L. J., & Chapman, J. P. (1989). Strategies for resolving the heterogeneity of
schizophrenics and their relatives using cognitive measures. J Abnorm Psychol, 98(4),

357-366. doi:10.1037//0021-843x.98.4.357

Chong, H. Y., Teoh, S. L., Wu, D. B.-C., Kotirum, S., Chiou, C.-F., & Chaiyakunapruk, N.
(2016). Global economic burden of schizophrenia: a systematic review. Neuropsychiatr

Dis Treat, 12, 357.

Cole, M. W., Yarkoni, T., Repovs, G., Anticevic, A., & Braver, T. S. (2012). Global
connectivity of prefrontal cortex predicts cognitive control and intelligence. J Neurosci,

32(26), 8988-8999. doi:10.1523/INEUROSCIL.0536-12.2012



5 REFERENCES 66

Cox, R. W. (1996). AFNI: software for analysis and visualization of functional magnetic

resonance neuroimages. Comput Biomed Res, 29(3), 162-173.

doi:10.1006/cbmr.1996.0014

Crow, T. J. (1998). Nuclear schizophrenic symptoms as a window on the relationship between

thought and speech. Br J Psychiatry, 173, 303-309. doi:10.1192/bjp.173.4.303

Danion, J.-M., Huron, C., Vidailhet, P., & Berna, F. (2007). Functional Mechanisms of
Episodic Memory Impairment in Schizophrenia. The Canadian Journal of Psychiatry,

52(11), 693-701. doi:10.1177/070674370705201103

Davis, J., Eyre, H., Jacka, F. N., Dodd, S., Dean, O., McEwen, S., . . . Berk, M. (2016). A
review of vulnerability and risks for schizophrenia: Beyond the two hit hypothesis.

Neurosci Biobehav Rev, 65, 185-194. doi:10.1016/j.neubiorev.2016.03.017

de Filippis, R., Carbone, E. A., Gaetano, R., Bruni, A., Pugliese, V., Segura-Garcia, C., & De
Fazio, P. (2019). Machine learning techniques in a structural and functional MRI

diagnostic approach in schizophrenia: a systematic review. Neuropsychiatr Dis Treat,

15,1605-1627. doi:10.2147/ndt.S202418

de Gracia Dominguez, M., Viechtbauer, W., Simons, C. J., van Os, J., & Krabbendam, L.
(2009). Are psychotic psychopathology and neurocognition orthogonal? A systematic

review of their associations. Psychological bulletin, 135(1), 157.

de Zwarte, S. M. C., Brouwer, R. M., Agartz, 1., Alda, M., Aleman, A., Alpert, K. L., . . . van
Haren, N. E. M. (2019). The Association Between Familial Risk and Brain
Abnormalities Is Disease Specific: An ENIGMA-Relatives Study of Schizophrenia and
Bipolar Disorder. Biological Psychiatry, 86(7), 545-556.
doi:https://doi.org/10.1016/].biopsych.2019.03.985

Dell'Oglio, E., Ceccarelli, A., Glanz, B. L., Healy, B. C., Tauhid, S., Arora, A., . .. Neema, M.
(2015). Quantification of global cerebral atrophy in multiple sclerosis from 3T MRI
using SPM: the role of misclassification errors. J Neuroimaging, 25(2), 191-199.
doi:10.1111/jon.12194

Deschamps, 1., Baum, S. R., & Gracco, V. L. (2014). On the role of the supramarginal gyrus

in phonological processing and verbal working memory: Evidence from rTMS studies.


https://doi.org/10.1016/j.biopsych.2019.03.985

5 REFERENCES 67

Neuropsychologia, 53, 39-46.
doi:https://doi.org/10.1016/j.neuropsychologia.2013.10.015

DGPPN. (2019). S3-Leitlinie Schizophrenie. Kurzfassung, Version 1.0, zuletzt gedndert am
15. Mirz 2019.

Dickinson, D., & Harvey, P. D. (2008). Systemic Hypotheses for Generalized Cognitive
Deficits in Schizophrenia: A New Take on An Old Problem. Schizophr Bull, 35(2), 403-
414. doi:10.1093/schbul/sbn097

Dieterle, D. M., Albus, M. L, Eben, E., Ackenheil, M., & Rockstroh, W. (1986). Preliminary
experiences and results with the Munich version of the Andreasen Scale. Assessment

of productive and negative symptoms in chronic schizophrenic patients.

Pharmacopsychiatry, 19(3), 96-100. doi:10.1055/s-2007-1017163

Dilling, H., & Freyberger, H. J. (2012). Taschenfiihrer zur ICD-10-Klassifikation psychischer

Storungen. Huber, Bern.

Drummond, C. (2010a). Attribute. In C. Sammut & G. 1. Webb (Eds.), Encyclopedia of
Machine Learning (pp. 51-53). Boston, MA: Springer US.

Drummond, C. (2010b). Class. In C. Sammut & G. I. Webb (Eds.), Encyclopedia of Machine
Learning (pp. 166-171). Boston, MA: Springer US.

Dwork, A. J., Mancevski, B., & Rosoklija, G. (2007). White matter and cognitive function in
schizophrenia. International Journal of Neuropsychopharmacology, 10(4), 513-536.

Dwyer, D. B., Falkai, P., & Koutsouleris, N. (2018). Machine learning approaches for clinical
psychology and psychiatry. Annual review of clinical psychology, 14, 91-118.

Ehrlich, S., Brauns, S., Yendiki, A., Ho, B.-C., Calhoun, V., Schulz, S. C., . . . Sponheim, S.
R. (2011). Associations of Cortical Thickness and Cognition in Patients With
Schizophrenia and Healthy Controls. Schizophr Bull, 38(5), 1050-1062.
doi:10.1093/schbul/sbr018

Endicott, J., Spitzer, R. L., Fleiss, J. L., & Cohen, J. (1976). The Global Assessment Scale: A
Procedure for Measuring Overall Severity of Psychiatric Disturbance. Archives of

General Psychiatry, 33(6), 766-771. doi:10.1001/archpsyc.1976.01770060086012


https://doi.org/10.1016/j.neuropsychologia.2013.10.015

5 REFERENCES 68

Erk, S., Meyer-Lindenberg, A., Opitz von Boberfeld, C., Esslinger, C., Schnell, K., Kirsch, P.,
... Walter, H. (2011). Hippocampal function in healthy carriers of the CLU Alzheimer's
disease risk variant. J Neurosci, 31(49), 18180-18184. doi:10.1523/jneurosci.4960-
11.2011

Esposito, M. D., Detre, J. A., Alsop, D. C., & Shin, R. K. (1995). The neural basis of the central
executive system of working memory. Nature, 378(6554), 279.

. F1-Measure. (2017). In C. Sammut & G. I. Webb (Eds.), Encyclopedia of Machine Learning
and Data Mining (pp. 497-497). Boston, MA: Springer US.

Fatemi, S. H., & Folsom, T. D. (2009). The Neurodevelopmental Hypothesis of Schizophrenia,
Revisited. Schizophr Bull, 35(3), 528-548. doi:10.1093/schbul/sbn187

Fineberg, A. M., Ellman, L. M., Buka, S., Yolken, R., & Cannon, T. D. (2013). Decreased birth
weight in psychosis: influence of prenatal exposure to serologically determined

influenza and hypoxia. Schizophr Bull, 39(5), 1037-1044. doi:10.1093/schbul/sbs084

Fink, G. R., Halligan, P. W., Marshall, J. C., Frith, C. D., Frackowiak, R., & Dolan, R. J. (1996).
Where in the brain does visual attention select the forest and the trees? Nature,

382(6592), 626-628.

Forbes, N., Carrick, L., McIntosh, A., & Lawrie, S. (2009). Working memory in schizophrenia:
a meta-analysis. Psychological medicine, 39(06), 889-905.

Frey, S. (2014). The economic burden of schizophrenia in Germany: a population-based
retrospective cohort study using genetic matching. Eur Psychiatry, 29(8), 479-489.
doi:10.1016/j.eurpsy.2014.04.003

Fiirnkranz, J. (2010). Decision Tree. In C. Sammut & G. 1. Webb (Eds.), Encyclopedia of
Machine Learning (pp. 263-267). Boston, MA: Springer US.

Fusar-Poli, P., Deste, G., Smieskova, R., Barlati, S., Yung, A. R., Howes, O., . . . Borgwardt,

S. (2012). Cognitive Functioning in Prodromal Psychosis: A Meta-analysis. Archives
of General Psychiatry, 69(6), 562-571. doi:10.1001/archgenpsychiatry.2011.1592

Geisler, D., Walton, E., Naylor, M., Roessner, V., Lim, K. O., Charles Schulz, S., . . . Ehrlich,
S. (2015). Brain structure and function correlates of cognitive subtypes in

schizophrenia. Psychiatry Res, 234(1), 74-83. doi:10.1016/j.pscychresns.2015.08.008



5 REFERENCES 69

Gold, J. M., & Dickinson, D. (2013). "Generalized cognitive deficit" in schizophrenia:
overused or underappreciated? Schizophr  Bull, 39(2), 263-265.
doi:10.1093/schbul/sbs143

Goldberg, T. E., Ragland, J. D., Torrey, E. F., Gold, J. M., Bigelow, L. B., & Weinberger, D.
R. (1990). Neuropsychological assessment of monozygotic twins discordant for

schizophrenia. Archives of General Psychiatry, 47(11), 1066-1072.

Goldman-Rakic, P. S., Castner, S. A., Svensson, T. H., Siever, L. J., & Williams, G. V. (2004).
Targeting the dopamine D1 receptor in schizophrenia: insights for cognitive
dysfunction. Psychopharmacology (Berl), 174(1), 3-16. doi:10.1007/s00213-004-
1793-y

Goldman, H. H., Skodol, A. E., & Lave, T. R. (1992). Revising axis V for DSM-IV: a review
of measures of social functioning. Am J Psychiatry, 149(9), 1148-1156.
doi:10.1176/ajp.149.9.1148

Goldstein, G., Allen, D. N., & Seaton, B. E. (1998). A comparison of clustering solutions for
cognitive heterogeneity in schizophrenia. Journal of the International

Neuropsychological Society, 4(4), 353-362.

Goldstein, G., & Shemansky, W. J. (1995). Influences on cognitive heterogeneity in
schizophrenia. Schizophrenia Research, 18(1), 59-69.
doi:http://dx.doi.org/10.1016/0920-9964(95)00040-2

Goldstein, J. M., Goodman, J. M., Seidman, L. J., Kennedy, D. N., Makris, N., Lee, H., . . .
Tsuang, M. T. (1999). Cortical abnormalities in schizophrenia identified by structural

magnetic  resonance imaging. Arch Gen  Psychiatry, 56(6), 537-547.
doi:10.1001/archpsyc.56.6.537

Gould, I. C., Shepherd, A. M., Laurens, K. R., Cairns, M. J., Carr, V. J., & Green, M. J. (2014).
Multivariate neuroanatomical classification of cognitive subtypes in schizophrenia: a
support vector machine learning approach. Neuroimage Clin, 6, 229-236.

doi:10.1016/j.nicl.2014.09.009

Grace, A. A. (2012). Dopamine system dysregulation by the hippocampus: implications for the
pathophysiology and treatment of schizophrenia. Neuropharmacology, 62(3), 1342-
1348.


http://dx.doi.org/10.1016/0920-9964(95)00040-2

5 REFERENCES 70

Green, M. F., Horan, W. P., & Sugar, C. A. (2012). Has the Generalized Deficit Become the
Generalized Criticism? Schizophr Bull, 39(2), 257-262. doi:10.1093/schbul/sbs146

Green, M. F., Kern, R. S., Braff, D. L., & Mintz, J. (2000). Neurocognitive deficits and
functional outcome in schizophrenia: are we measuring the “right stuff”? Schizophr

Bull, 26(1), 119-136.

Greenstein, D., Weisinger, B., Malley, J., Clasen, L., & Gogtay, N. (2012). Using Multivariate
Machine Learning Methods and Structural MRI to Classify Childhood Onset
Schizophrenia and Healthy Controls. Frontiers in  Psychiatry, 3(53).
doi:10.3389/fpsyt.2012.00053

Grimm, O., Heinz, A., Walter, H., Kirsch, P., Erk, S., Haddad, L., . . . Meyer-Lindenberg, A.
(2014). Striatal response to reward anticipation: evidence for a systems-level
intermediate phenotype for schizophrenia. JAMA Psychiatry, 71(5), 531-539.
doi:10.1001/jamapsychiatry.2014.9

Guillozet-Bongaarts, A. L., Hyde, T. M., Dalley, R. A., Hawrylycz, M. J., Henry, A., Hof, P.
R., ... Kleinman, J. E. (2014). Altered gene expression in the dorsolateral prefrontal
cortex of individuals with schizophrenia. Mol Psychiatry, 19(4), 478-485.
doi:10.1038/mp.2013.30

Guloksuz, S., & van Os, J. (2018). The slow death of the concept of schizophrenia and the
painful birth of the psychosis spectrum. Psychol Med, 48(2), 229-244.
doi:10.1017/s0033291717001775

Guo, J. Y., Huhtaniska, S., Miettunen, J., Jaaskelainen, E., Kiviniemi, V., Nikkinen, J., . . .
Murray, G. K. (2015). Longitudinal regional brain volume loss in schizophrenia:

Relationship to antipsychotic medication and change in social function. Schizophr Res,

168(1-2), 297-304. doi:10.1016/j.schres.2015.06.016

Guo, J. Y., Ragland, J. D., & Carter, C. S. (2019). Memory and cognition in schizophrenia.
Molecular Psychiatry, 24(5), 633-642.

Gur, R. (2007). Neurocognitive Endophenotypes in a Multiplex Multigenerational Family
Study of  Schizophrenia.  American  Journal  of  Psychiatry,  164(5).
doi:10.1176/ajp.2007.164.5.813



5 REFERENCES 71

Guy, W. (1976). Clinical Global Impressions. In ECDEU Assessment Manual for
Psychopharmacology - Revised (DHEW Publ No ADM 76-338), Revised DHEW ed (pp.
218-222). Rockville, Md: U.S. Dept. of Health, Education, and Welfare, Public Health
Service, Alcohol, Drug Abuse, and Mental Health Administration, National Institute of
Mental Health, Psychopharmacology Research Branch, Division of Extramural

Research Programs.

Héfner, H. (2003). Gender differences in schizophrenia. Psychoneuroendocrinology, 28, 17-
54.

Hafner, H., Maurer, K., Trendler, G., an der Heiden, W., Schmidt, M., & Konnecke, R. (2005).
Schizophrenia and depression: challenging the paradigm of two separate diseases--a
controlled study of schizophrenia, depression and healthy controls. Schizophr Res,

77(1), 11-24. doi:10.1016/j.schres.2005.01.004

Haijma, S. V., Van Haren, N., Cahn, W., Koolschijn, P. C., Hulshoff Pol, H. E., & Kahn, R. S.
(2013). Brain volumes in schizophrenia: a meta-analysis in over 18 000 subjects.

Schizophr Bull, 39(5), 1129-1138. doi:10.1093/schbul/sbs118

Harms, M. P., Wang, L., Campanella, C., Aldridge, K., Moffitt, A. J., Kuelper, J., . . .
Csernansky, J. G. (2010). Structural abnormalities in gyri of the prefrontal cortex in
individuals with schizophrenia and their unaffected siblings. Br J Psychiatry, 196(2),
150-157. doi:10.1192/bjp.bp.109.067314

Harvey, P. D., Heaton, R. K., Carpenter Jr, W. T., Green, M. F., Gold, J. M., & Schoenbaum,
M. (2012). Functional impairment in people with schizophrenia: focus on employability

and eligibility for disability compensation. Schizophrenia Research, 140(1-3), 1-8.

Hasan, A., Guse, B., Cordes, J., Wolwer, W., Winterer, G., Gaebel, W., ... Wobrock, T. (2016).
Cognitive Effects of High-Frequency rTMS in Schizophrenia Patients With
Predominant Negative Symptoms: Results From a Multicenter Randomized Sham-

Controlled Trial. Schizophr Bull, 42(3), 608-618. doi1:10.1093/schbul/sbv142

Hasan, A., Strube, W., Palm, U., & Wobrock, T. (2016). Repetitive Noninvasive Brain
Stimulation to Modulate Cognitive Functions in Schizophrenia: A Systematic Review
of Primary and Secondary Outcomes. Schizophr Bull, 42 Suppl 1, S95-S1009.
doi:10.1093/schbul/sbv158



5 REFERENCES 72

Hashimoto, N., Ito, Y. M., Okada, N., Yamamori, H., Yasuda, Y., Fujimoto, M., . . . Hashimoto,
R. (2018). The effect of duration of illness and antipsychotics on subcortical volumes
in schizophrenia: Analysis of 778 subjects. Neurolmage: Clinical, 17, 563-569.
doi:https://doi.org/10.1016/j.nicl.2017.11.004

Heatherton, T. F., Kozlowski, L. T., Frecker, R. C., & Fagerstrom, K. O. (1991). The
Fagerstrom Test for Nicotine Dependence: a revision of the Fagerstrom Tolerance

Questionnaire. Br J Addict, 86(9), 1119-1127.

Heckers, S., & Konradi, C. (2002). Hippocampal neurons in schizophrenia. J Neural Transm
(Vienna), 109(5-6), 891-905. doi:10.1007/s007020200073

Heilbronner, U., Samara, M., Leucht, S., Falkai, P., & Schulze, T. G. (2016). The Longitudinal
Course of Schizophrenia Across the Lifespan: Clinical, Cognitive, and Neurobiological

Aspects. Harv Rev Psychiatry, 24(2), 118-128. doi:10.1097/HRP.0000000000000092

Heinrichs, R. W. (2005). The primacy of cognition in schizophrenia. American Psychologist,
60(3), 229.

Heinrichs, R. W., & Zakzanis, K. K. (1998). Neurocognitive deficit in schizophrenia: a
quantitative review of the evidence. Neuropsychology, 12(3), 426.

Helmstaedter, C., & Durwen, H. (1990). VLMT: Verbaler Lern-und Merkfihigkeitstest: Ein
praktikables und differenziertes Instrumentarium zur Priifung der verbalen
Gedichtnisleistungen. Schweizer Archiv  fiir Neurologie, Neurochirurgie und

Psychiatrie.

Hennah, W., Thomson, P., Peltonen, L., & Porteous, D. (2006). Genes and schizophrenia:
beyond schizophrenia: the role of DISC1 in major mental illness. Schizophr Bull, 32(3),
409-416. doi:10.1093/schbul/sbj079

Henseler, 1., Falkai, P., & Gruber, O. (2010). Disturbed functional connectivity within brain
networks subserving domain-specific subcomponents of working memory in
schizophrenia: Relation to performance and clinical symptoms. Journal of Psychiatric

Research, 44(6), 364-372. doi:https://doi.org/10.1016/j.jpsychires.2009.09.003

Higgins, D. M., Peterson, J. B., Pihl, R. O., & Lee, A. G. (2007). Prefrontal cognitive ability,

intelligence, Big Five personality, and the prediction of advanced academic and


https://doi.org/10.1016/j.nicl.2017.11.004
https://doi.org/10.1016/j.jpsychires.2009.09.003

5 REFERENCES 73

workplace performance. J Pers Soc Psychol, 93(2), 298-319. doi:10.1037/0022-
3514.93.2.298

Hill, S. K., Ragland, J. D., Gur, R. C., & Gur, R. E. (2002). Neuropsychological profiles
delineate distinct profiles of schizophrenia, an interaction between memory and
executive function, and uneven distribution of clinical subtypes. J Clin Exp

Neuropsychol, 24(6), 765-780. doi:10.1076/jcen.24.6.765.8402

Hoang, U., Stewart, R., & Goldacre, M. J. (2011). Mortality after hospital discharge for people
with schizophrenia or bipolar disorder: retrospective study of linked English hospital

episode statistics, 1999-2006. Bmj, 343, d5422. doi:10.1136/bmj.d5422

Hofer, A., Baumgartner, S., Bodner, T., Edlinger, M., Hummer, M., Kemmler, G., . . .
Fleischhacker, W. W. (2005). Patient outcomes in schizophrenia II: the impact of
cognition. European Psychiatry, 20(5-6), 395-402.

Hogan, M. J., Staff, R. T., Bunting, B. P., Murray, A. D., Ahearn, T. S., Deary, 1. J., & Whalley,
L. J. (2011). Cerebellar brain volume accounts for variance in cognitive performance

in older adults. Cortex, 47(4), 441-450.

Holthausen, E. A., Wiersma, D., Sitskoorn, M. M., Hijman, R., Dingemans, P. M., Schene, A.
H., & van den Bosch, R. J. (2002). Schizophrenic patients without neuropsychological

deficits: subgroup, disease severity or cognitive compensation? Psychiatry Res, 112(1),

I-11.

Homayoun, H., & Moghaddam, B. (2007). NMDA receptor hypofunction produces opposite
effects on prefrontal cortex interneurons and pyramidal neurons. J Neurosci, 27(43),

11496-11500. doi:10.1523/jneurosci.2213-07.2007

Howes, O. D., Egerton, A., Allan, V., McGuire, P., Stokes, P., & Kapur, S. (2009). Mechanisms
underlying psychosis and antipsychotic treatment response in schizophrenia: insights

from PET and SPECT imaging. Current pharmaceutical design, 15(22), 2550-2559.

Howes, O. D., McCutcheon, R., & Stone, J. (2015). Glutamate and dopamine in schizophrenia:
An update for the 21st century. Journal of Psychopharmacology, 29(2), 97-115.
doi:10.1177/0269881114563634



5 REFERENCES 74

Howes, O. D., & Murray, R. M. (2014). Schizophrenia: an integrated sociodevelopmental-
cognitive model. The Lancet, 383(9929), 1677-1687.
doi:https://doi.org/10.1016/S0140-6736(13)62036-X

Hu, W., MacDonald, M. L., Elswick, D. E., & Sweet, R. A. (2015). The glutamate hypothesis
of schizophrenia: evidence from human brain tissue studies. Ann N Y Acad Sci, 1338(1),

38-57. doi:10.1111/nyas. 12547

Huhn, M., Nikolakopoulou, A., Schneider-Thoma, J., Krause, M., Samara, M., Peter, N., . . .
Leucht, S. (2019). Comparative efficacy and tolerability of 32 oral antipsychotics for
the acute treatment of adults with multi-episode schizophrenia: a systematic review and
network meta-analysis. The Lancet, 394(10202), 939-951. doi:10.1016/S0140-
6736(19)31135-3

James, S. L., Abate, D., Abate, K. H., Abay, S. M., Abbafati, C., Abbasi, N., . . . Murray, C. J.
L. (2018). Global, regional, and national incidence, prevalence, and years lived with
disability for 354 diseases and injuries for 195 countries and territories,
1990&#x2013;2017: a systematic analysis for the Global Burden of Disease Study
2017. The Lancet, 392(10159), 1789-1858. doi:10.1016/S0140-6736(18)32279-7

Jani, M., & Kasparek, T. (2018). Emotion recognition and theory of mind in schizophrenia: a
meta-analysis of neuroimaging studies. The World Journal of Biological Psychiatry,

19(sup3), S86-S96.

Japee, S., Holiday, K., Satyshur, M. D., Mukai, 1., & Ungerleider, L. G. (2015). A role of right
middle frontal gyrus in reorienting of attention: a case study. Front Syst Neurosci, 9,

23. do0i:10.3389/fnsys.2015.00023

Jardri, R., Pouchet, A., Pins, D., & Thomas, P. (2011). Cortical activations during auditory
verbal hallucinations in schizophrenia: a coordinate-based meta-analysis. American

Journal of Psychiatry, 168(1), 73-81.

Javitt, D. C. (2007). Glutamate and schizophrenia: phencyclidine, N-methyl-D-aspartate
receptors, and dopamine-glutamate interactions. Int Rev Neurobiol, 78, 69-108.

doi:10.1016/s0074-7742(06)78003-5


https://doi.org/10.1016/S0140-6736(13)62036-X

5 REFERENCES 75

Jenkinson, M., Bannister, P., Brady, M., & Smith, S. (2002). Improved optimization for the
robust and accurate linear registration and motion correction of brain images.

Neuroimage, 17(2), 825-841.

Jenkinson, M., Beckmann, C. F., Behrens, T. E., Woolrich, M. W., & Smith, S. M. (2012).
FSL. Neuroimage, 62(2), 782-790. doi:10.1016/j.neuroimage.2011.09.015

Jordan, M. L., & Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and prospects.
Science, 349(6245), 255-260. doi:10.1126/science.aaa8415

Joyce, E. M., & Roiser, J. P. (2007). Cognitive heterogeneity in schizophrenia. Current opinion
in psychiatry, 20(3), 268-272. doi:10.1097/YCO.0b013e3280ba4975

Kaalund, S. S., Newburn, E. N., Ye, T., Tao, R., Li, C., Deep-Soboslay, A., . . . Kleinman, J.
E. (2014). Contrasting changes in DRD1 and DRD2 splice variant expression in
schizophrenia and affective disorders, and associations with SNPs in postmortem brain.

Mol Psychiatry, 19(12), 1258-1266. do1:10.1038/mp.2013.165

Kahn, R. S., Sommer, I. E., Murray, R. M., Meyer-Lindenberg, A., Weinberger, D. R., Cannon,
T. D., ... Insel, T. R. (2015). Schizophrenia. Nature Reviews Disease Primers, 1(1),
15067. doi:10.1038/nrdp.2015.67

Kambeitz, J., Kambeitz-Ilankovic, L., Leucht, S., Wood, S., Davatzikos, C., Malchow, B, . ..
Koutsouleris, N. (2015). Detecting neuroimaging biomarkers for schizophrenia: a meta-

analysis of multivariate pattern recognition studies. Neuropsychopharmacology, 40(7),

1742-1751. doi:10.1038/npp.2015.22

Kay, S. R., Fiszbein, A., & Opler, L. A. (1987). The positive and negative syndrome scale
(PANSS) for schizophrenia. Schizophr Bull, 13(2), 261-276.

Keefe, R. S. (2014). The longitudinal course of cognitive impairment in schizophrenia: an
examination of data from premorbid through posttreatment phases of illness. J Clin

Psychiatry, 75 Suppl 2, 8-13. doi:10.4088/jcp.13065su1.02

Keefe, R. S., Eesley, C. E., & Poe, M. P. (2005). Defining a cognitive function decrement in
schizophrenia. Biological Psychiatry, 57(6), 688-691.
doi:https://doi.org/10.1016/j.biopsych.2005.01.003

Keefe, R. S., & Fenton, W. S. (2007). How should DSM-V criteria for schizophrenia include
cognitive impairment? Schizophr Bull, 33(4), 912-920. doi:10.1093/schbul/sbm046


https://doi.org/10.1016/j.biopsych.2005.01.003

5 REFERENCES 76

Keefe, R. S., Goldberg, T. E., Harvey, P. D., Gold, J. M., Poe, M. P., & Coughenour, L. (2004).
The Brief Assessment of Cognition in Schizophrenia: reliability, sensitivity, and
comparison with a standard neurocognitive battery. Schizophr Res, 68(2-3), 283-297.
doi:10.1016/j.schres.2003.09.011

Keshavan, M. S. (1999). Development, disease and degeneration in schizophrenia: a unitary

pathophysiological model. Journal of Psychiatric Research, 33(6), 513-521.

Keshavan, M. S., & Hogarty, G. E. (1999). Brain maturational processes and delayed onset in
schizophrenia. Development and psychopathology, 11(3), 525-543.

Kim, J. S., Kornhuber, H. H., Schmid-Burgk, W., & Holzmiiller, B. (1980). Low cerebrospinal
fluid glutamate in schizophrenic patients and a new hypothesis on schizophrenia.

Neurosci Lett, 20(3), 379-382. doi:10.1016/0304-3940(80)90178-0

Kircher, T., Brohl, H., Meier, F., & Engelen, J. (2018). Formal thought disorders: from
phenomenology to  neurobiology. Lancet  Psychiatry, 5(6), 515-526.
doi:10.1016/s2215-0366(18)30059-2

Kohler, C. G., & Martin, E. A. (2006). Emotional processing in schizophrenia. Cogn
Neuropsychiatry, 11(3), 250-271. doi:10.1080/13546800500188575

Koutsouleris, N., Kahn, R. S., Chekroud, A. M., Leucht, S., Falkai, P., Wobrock, T., . . . Hasan,
A. (2016). Multisite prediction of 4-week and 52-week treatment outcomes in patients
with first-episode psychosis: a machine learning approach. Lancet Psychiatry, 3(10),

935-946. doi:10.1016/52215-0366(16)30171-7

Koutsouleris, N., Wobrock, T., Guse, B., Langguth, B., Landgrebe, M., Eichhammer, P., . . .
Hasan, A. (2017). Predicting Response to Repetitive Transcranial Magnetic Stimulation
in Patients With Schizophrenia Using Structural Magnetic Resonance Imaging: A
Multisite  Machine Learning Analysis. Schizophr Bull, 44(5), 1021-1034.
doi:10.1093/schbul/sbx 114

Koyama, M. S., O’Connor, D., Shehzad, Z., & Milham, M. P. (2017). Differential contributions
of the middle frontal gyrus functional connectivity to literacy and numeracy. Scientific

Reports, 7(1), 17548. doi1:10.1038/s41598-017-17702-6

Kraepelin, E. (1899). Psychiatrie. Ein Lehrbuch fiir Studierende und Arzte. Barth, 6. Aufl.
Leipzig.



5 REFERENCES 77

Kraepelin, E. (1919). Dementia praecox and paraphrenia: Livingstone.

Kremen, W. S., Seidman, L. J., Faraone, S. V., Toomey, R., & Tsuang, M. T. (2000). The
paradox of normal neuropsychological function in schizophrenia. Journal of abnormal

psychology, 109(4), 743.

Krug, A., Stein, F., & Kircher, T. (2020). Kognitive Storungen bei Schizophrenie. Der
Nervenarzt, 91(1), 2-9. doi:10.1007/s00115-019-00809-8

Krystal, J. H., Karper, L. P., Seibyl, J. P., Freeman, G. K., Delaney, R., Bremner, J. D., . . .
Charney, D. S. (1994). Subanesthetic effects of the noncompetitive NMDA antagonist,
ketamine, in humans. Psychotomimetic, perceptual, cognitive, and neuroendocrine
responses. Arch Gen Psychiatry, 51(3), 199-214.
doi:10.1001/archpsyc.1994.03950030035004

Laursen, T. M., Nordentoft, M., & Mortensen, P. B. (2014). Excess early mortality in
schizophrenia. Annual review of clinical psychology, 10, 425-448.

Leavitt, V., & Goldberg, T. (2009). Episodic Memory in Schizophrenia. Neuropsychology
Review, 19(3), 312-323.

Lee, J., & Park, S. (2005). Working memory impairments in schizophrenia: a meta-analysis. J

Abnorm Psychol, 114(4), 599-611. doi:10.1037/0021-843X.114.4.599

Lee, K.-H., Farrow, T., Spence, S., & Woodruff, P. (2004). Social cognition, brain networks
and schizophrenia. Psychological medicine, 34(3), 391-400.

Leff, A. P., Schofield, T. M., Crinion, J. T., Seghier, M. L., Grogan, A., Green, D. W., & Price,
C. J. (2009). The left superior temporal gyrus is a shared substrate for auditory short-
term memory and speech comprehension: evidence from 210 patients with stroke.

Brain, 132(12), 3401-3410.

Lencz, T., Smith, C. W., McLaughlin, D., Auther, A., Nakayama, E., Hovey, L., & Cornblatt,
B. A. (2006). Generalized and specific neurocognitive deficits in prodromal

schizophrenia. Biological Psychiatry, 59(9), 863-871.

Lesh, T. A., Niendam, T. A., Minzenberg, M. J., & Carter, C. S. (2011). Cognitive Control
Deficits in Schizophrenia: Mechanisms and Meaning. Neuropsychopharmacology,

36(1), 316-338. doi:10.1038/npp.2010.156



5 REFERENCES 78

Leucht, S., Kane, J. M., Kissling, W., Hamann, J., Etschel, E., & Engel, R. R. (2005). What
does the PANSS mean? Schizophrenia  Research, 79(2), 231-238.
doi:https://doi.org/10.1016/j.schres.2005.04.008

Leucht, S., Leucht, C., Huhn, M., Chaimani, A., Mavridis, D., Helfer, B., . . . Davis, J. M.
(2017). Sixty Years of Placebo-Controlled Antipsychotic Drug Trials in Acute
Schizophrenia: Systematic Review, Bayesian Meta-Analysis, and Meta-Regression of
Efficacy Predictors. Am J Psychiatry, 174(10), 927-942.
doi:10.1176/appi.ajp.2017.16121358

Leucht, S., Samara, M., Heres, S., & Davis, J. M. (2016). Dose Equivalents for Antipsychotic
Drugs: The DDD Method. Schizophr Bull, 42 Suppl 1, S90-94.
doi:10.1093/schbul/sbv167

Lezak, M. D., Howieson, D. B., Bigler, E. D., & Tranel, D. (2012). Neuropsychological
assessment, 5th ed. New York, NY, US: Oxford University Press.

Li, W., Qin, W., Liu, H., Fan, L., Wang, J., Jiang, T., & Yu, C. (2013). Subregions of the human

superior frontal gyrus and their connections. Neuroimage, 78, 46-58.

Li, Y, Liu, Y., Li, J., Qin, W, Li, K., Yu, C., & Jiang, T. (2009). Brain Anatomical Network
and  Intelligence. @~ PLOS  Computational  Biology, 5(5), e1000395.
doi:10.1371/journal.pcbi. 1000395

Liakakis, G., Nickel, J., & Seitz, R. J. (2011). Diversity of the inferior frontal gyrus—A meta-
analysis of neuroimaging studies. Behavioural Brain Research, 225(1), 341-347.

doi:https://doi.org/10.1016/5.bbr.2011.06.022

Lieberman, J. A., Kane, J. M., & Alvir, J. (1987). Provocative tests with psychostimulant drugs
in schizophrenia. Psychopharmacology (Berl), 91(4), 415-433.
doi:10.1007/bf00216006

Lincoln, T. (2018). Schizophrenie. In J. Margraf & S. Schneider (Eds.), Lehrbuch der
Verhaltenstherapie, Band 2: Psychologische Therapie bei Indikationen im
Erwachsenenalter (pp. 391-414): Springer-Verlag.

Lopez, V., Fernandez, A., Garcia, S., Palade, V., & Herrera, F. (2013). An insight into
classification with imbalanced data: Empirical results and current trends on using data

intrinsic characteristics. Information sciences, 250, 113-141.


https://doi.org/10.1016/j.schres.2005.04.008
https://doi.org/10.1016/j.bbr.2011.06.022

5 REFERENCES 79

Lynn, C. W., & Bassett, D. S. (2019). The physics of brain network structure, function and
control. Nature Reviews Physics, 1(5), 318-332. doi:10.1038/s42254-019-0040-8

MacCabe, J. H., Wicks, S., Lofving, S., David, A. S., Berndtsson, A., Gustafsson, J.-E., . . .
Dalman, C. (2013). Decline in Cognitive Performance Between Ages 13 and 18 Years
and the Risk for Psychosis in Adulthood: A Swedish Longitudinal Cohort Study in
Males. JAMA Psychiatry, 70(3), 261-270. doi:10.1001/2013.jamapsychiatry.43

MacCallum, R. C., Zhang, S., Preacher, K. J., & Rucker, D. D. (2002). On the practice of

dichotomization of quantitative variables. Psychological methods, 7(1), 19.

Malchow, B., Keeser, D., Keller, K., Hasan, A., Rauchmann, B. S., Kimura, H., . . . Falkai, P.
(2016). Effects of endurance training on brain structures in chronic schizophrenia
patients and  healthy  controls.  Schizophr  Res, 173(3), 182-191.
doi:10.1016/j.schres.2015.01.005

Manoach, D. S. (2003). Prefrontal cortex dysfunction during working memory performance in
schizophrenia: reconciling discrepant findings. Schizophrenia Research, 60(2), 285-

298.

Marini, F., Demeter, E., Roberts, K. C., Chelazzi, L., & Woldorff, M. G. (2016). Orchestrating
Proactive and Reactive Mechanisms for Filtering Distracting Information: Brain-
Behavior Relationships Revealed by a Mixed-Design fMRI Study. The Journal of
Neuroscience, 36(3), 988-1000. doi:10.1523/jneurosci.2966-15.2016

Mattay, V. S., Goldberg, T. E., Fera, F., Hariri, A. R., Tessitore, A., Egan, M. F., . . .
Weinberger, D. R. (2003). Catechol O-methyltransferase vall58-met genotype and

individual variation in the brain response to amphetamine. Proc Natl Acad Sci U S A,

100(10), 6186-6191. doi:10.1073/pnas.0931309100

Maurus, 1., Hasan, A., Schmitt, A., Roeh, A., Keeser, D., Malchow, B., . . . Falkai, P. (2020).
Aerobic endurance training to improve cognition and enhance recovery in
schizophrenia: design and methodology of a multicenter randomized controlled trial.

Eur Arch Psychiatry Clin Neurosci. doi:10.1007/s00406-020-01175-2

Mazoyer, B., Zago, L., Mellet, E., Bricogne, S., Etard, O., Houdé, O., . . . Tzourio-Mazoyer,
N. (2001). Cortical networks for working memory and executive functions sustain the

conscious resting state in man. Brain research bulletin, 54(3), 287-298.



5 REFERENCES 80

McCullumsmith, R. E., Hammond, J., Funk, A., & Meador-Woodruff, J. H. (2012). Recent
advances in targeting the ionotropic glutamate receptors in treating schizophrenia. Curr

Pharm Biotechnol, 13(8), 1535-1542. doi:10.2174/138920112800784899

McDonald, C., Bullmore, E., Sham, P., Chitnis, X., Suckling, J., Maccabe, J., . . . Murray, R.
M. (2005). Regional volume deviations of brain structure in schizophrenia and
psychotic bipolar disorder: Computational morphometry study. British Journal of

Psychiatry, 186(5), 369-377. doi:10.1192/bjp.186.5.369

McGlashan, T. H., & Johannessen, J. O. (1996). Early detection and intervention with
schizophrenia: rationale. Schizophr Bull, 22(2), 201-222.

McGrath, J., Saha, S., Chant, D., & Welham, J. (2008). Schizophrenia: A Concise Overview
of Incidence, Prevalence, and Mortality. Epidemiologic Reviews, 30(1), 67-76.
doi:10.1093/epirev/mxn001

Mehl, S., Falkenberg, 1., Leopold, K., Bechdolf, A., & Kircher, T. (2019). Symptomatik der
Schizophrenie. In P. Falkai & A. Hasan (Eds.), Praxishandbuch Schizophrenie:
Diagnostik - Therapie - Versorgungsstrukturen (pp. 13-25): Elsevier Health Sciences.

Mesholam-Gately, R. L., Giuliano, A. J., Goff, K. P., Faraone, S. V., & Seidman, L. J. (2009).
Neurocognition in first-episode schizophrenia: a meta-analytic review.

Neuropsychology, 23(3), 315-336. doi:10.1037/a0014708

Milner, B., Squire, L. R., & Kandel, E. R. (1998). Cognitive neuroscience and the study of
memory. Neuron, 20(3), 445-468.

Minzenberg, M. J., Laird, A. R., Thelen, S., Carter, C. S., & Glahn, D. C. (2009). Meta-analysis
of 41 functional neuroimaging studies of executive function in schizophrenia. Arch Gen

Psychiatry, 66(8), 811-822. doi:10.1001/archgenpsychiatry.2009.91

Miyake, A., & Friedman, N. P. (2012). The Nature and Organization of Individual Differences
in Executive Functions: Four General Conclusions. Curr Dir Psychol Sci, 21(1), 8-14.

doi:10.1177/0963721411429458

Miyake, A., Friedman, N. P., Emerson, M. J., Witzki, A. H., Howerter, A., & Wager, T. D.
(2000). The Unity and Diversity of Executive Functions and Their Contributions to
Complex “Frontal Lobe” Tasks: A Latent Variable Analysis. Cognitive Psychology,
41(1), 49-100. doi:https://doi.org/10.1006/cogp.1999.0734



https://doi.org/10.1006/cogp.1999.0734

5 REFERENCES 81

Molnar-Szakacs, 1., lacoboni, M., Koski, L., & Mazziotta, J. C. (2005). Functional segregation
within pars opercularis of the inferior frontal gyrus: evidence from fMRI studies of
imitation and action observation. Cereb  Cortex, 15(7), 986-994.
doi:10.1093/cercor/bhh199

Morgan, C. J., & Curran, H. V. (2006). Acute and chronic effects of ketamine upon human
memory: areview. Psychopharmacology (Berl), 188(4), 408-424. doi:10.1007/s00213-
006-0572-3

Mower, J. P. (2005). PREP-Mt: predictive RNA editor for plant mitochondrial genes. BMC
Bioinformatics, 6(1), 96. doi:10.1186/1471-2105-6-96

Muller, H., Hasse-Sander, 1., Horn, R., Helmstaedter, C., & Elger, C. E. (1997). Rey Auditory-
Verbal Learning Test: structure of a modified German version. J Clin Psychol, 53(7),

663-671.

Murray, R. M., & Lewis, S. W. (1987). Is schizophrenia a neurodevelopmental disorder?
British ~ Medical Journal  (Clinical research ed.), 295(6600), 681.
doi:10.1136/bm;j.295.6600.681

Murray, R. M., Paparelli, A., Morrison, P. D., Marconi, A., & Di Forti, M. (2013). What can
we learn about schizophrenia from studying the human model, drug-induced psychosis?
Am J Med Genet B  Neuropsychiatr  Genet, 162b(7), 661-670.
doi:10.1002/ajmg.b.32177

Myers, N. L. (2011). Update: schizophrenia across cultures. Current Psychiatry Reports, 13(4),
305-311.

Nelson, M. D., Saykin, A. J., Flashman, L. A., & Riordan, H. J. (1998). Hippocampal Volume
Reduction in Schizophrenia as Assessed by Magnetic Resonance Imaging: A Meta-
analytic ~ Study.  Archives of General  Psychiatry, 55(5), 433-440.
doi:10.1001/archpsyc.55.5.433

Nembrini, S., Konig, I. R., & Wright, M. N. (2018). The revival of the Gini importance?
Bioinformatics, 34(21), 3711-3718. doi:10.1093/bioinformatics/bty373

Nielsen, R. E., Levander, S., Kjaersdam Telléus, G., Jensen, S. O., @stergaard Christensen, T.,

& Leucht, S. (2015). Second-generation antipsychotic effect on cognition in patients



5 REFERENCES 82

with schizophrenia--a meta-analysis of randomized clinical trials. Acta Psychiatr

Scand, 131(3), 185-196. doi:10.1111/acps.12374

Nixon, P., Lazarova, J., Hodinott-Hill, I., Gough, P., & Passingham, R. (2004). The inferior
frontal gyrus and phonological processing: an investigation using rTMS. Journal of

Cognitive Neuroscience, 16(2), 289-300.

Nuechterlein, K. H., Barch, D. M., Gold, J. M., Goldberg, T. E., Green, M. F., & Heaton, R.
K. (2004). Identification of separable cognitive factors in schizophrenia. Schizophr Res,
72(1), 29-39. doi:10.1016/j.schres.2004.09.007

Nuechterlein, K. H., Dawson, M. E., Gitlin, M., Ventura, J., Goldstein, M. J., Snyder, K. S, ..
. Mintz, J. (1992). Developmental Processes in Schizophrenic Disorders: Longitudinal
Studies of Vulnerability and Stress. Schizophr Bull, 183), 387-425.
doi:10.1093/schbul/18.3.387

Nuechterlein, K. H., & Green, M. F. (2006). MATRICS consensus cognitive battery manual.
Los Angeles, CA: MATRICS Assessment Inc.

Nuechterlein, K. H., Green, M. F., Calkins, M. E., Greenwood, T. A., Gur, R. E., Gur, R. C., .
.. Braff, D. L. (2015). Attention/vigilance in schizophrenia: Performance results from
a large multi-site study of the Consortium on the Genetics of Schizophrenia (COGS).
Schizophrenia Research, 163(1), 38-46.
doi:http://dx.doi.org/10.1016/j.schres.2015.01.017

Ochoa, S., Usall, J., Cobo, J., Labad, X., & Kulkarni, J. (2012). Gender differences in
schizophrenia and first-episode psychosis: a comprehensive literature review.

Schizophrenia research and treatment, 2012.

Olabi, B., Ellison-Wright, 1., McIntosh, A. M., Wood, S. J., Bullmore, E., & Lawrie, S. M.
(2011). Are there progressive brain changes in schizophrenia? A meta-analysis of

structural magnetic resonance imaging studies. Biological Psychiatry, 70(1), 88-96.

Oldfield, R. C. (1971). The assessment and analysis of handedness: the Edinburgh inventory.
Neuropsychologia, 9(1), 97-113.

Orellana, G., & Slachevsky, A. (2013). Executive functioning in schizophrenia. Front
Psychiatry, 4, 35. doi:10.3389/fpsyt.2013.00035


http://dx.doi.org/10.1016/j.schres.2015.01.017

5 REFERENCES 83

Owen, F., Crow, T. J., Poulter, M., Cross, A. J., Longden, A., & Riley, G. J. (1978).
INCREASED DOPAMINE-RECEPTOR SENSITIVITY IN SCHIZOPHRENIA. The
Lancet, 312(8083), 223-226. doi:https://doi.org/10.1016/S0140-6736(78)91740-3

Owen, M. J., O'Donovan, M. C., Thapar, A., & Craddock, N. (2011). Neurodevelopmental
hypothesis of schizophrenia. The British Journal of Psychiatry, 198(3), 173-175.

Palmer, B. W., Heaton, R. K., Paulsen, J. S., Kuck, J., Braff, D., Harris, M. J., . . . Jeste, D. V.
(1997). Is it possible to be schizophrenic yet neuropsychologically normal?
Neuropsychology, 11(3), 437-446. doi:10.1037//0894-4105.11.3.437

Pankow, A., Friedel, E., Sterzer, P., Seiferth, N., Walter, H., Heinz, A., & Schlagenhauf, F.
(2013). Altered amygdala activation in schizophrenia patients during emotion

processing. Schizophr Res, 150(1), 101-106. doi:10.1016/j.schres.2013.07.015

Papazova, 1., Strube, W., Becker, B., Henning, B., Schwippel, T., Fallgatter, A.J., . . . Hasan,
A. (2018). Improving working memory in schizophrenia: Effects of 1mA and 2mA
transcranial direct current stimulation to the left DLPFC. Schizophr Res.

doi:10.1016/j.schres.2018.06.032

Pardinas, A. F., Holmans, P., Pocklington, A. J., Escott-Price, V., Ripke, S., Carrera, N., . . .
Consortium, C. (2018). Common schizophrenia alleles are enriched in mutation-

intolerant genes and in regions under strong background selection. Nature Genetics,

50(3), 381-389. doi:10.1038/s41588-018-0059-2

Park, S., & Gooding, D. C. (2014). Working Memory Impairment as an Endophenotypic
Marker of a Schizophrenia Diathesis. Schizophr Res Cogn, 1(3), 127-136.
doi:10.1016/j.scog.2014.09.005

Patel, N. H., Vyas, N. S., Puri, B. K., Nijran, K. S., & Al-Nahhas, A. (2010). Positron emission
tomography in schizophrenia: a new perspective. Journal of Nuclear Medicine, 51(4),

511-520.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., . . . Dubourg,

V. (2011). Scikit-learn: Machine learning in Python. Journal of machine learning

research, 12(Oct), 2825-2830.

Penn, D. L., Sanna, L. J., & Roberts, D. L. (2008). Social Cognition in Schizophrenia: An
Overview. Schizophr Bull, 34(3), 408-411. doi:10.1093/schbul/sbn014


https://doi.org/10.1016/S0140-6736(78)91740-3

5 REFERENCES 84

Pintzka, C., Hansen, T. I., Evensmoen, H., & Haberg, A. (2015). Marked effects of intracranial
volume correction methods on sex differences in neuroanatomical structures: a HUNT

MRI study. Frontiers in Neuroscience, 9(238). doi:10.3389/fnins.2015.00238

Potkin, S. G., Turner, J. A., Brown, G. G., McCarthy, G., Greve, D. N., Glover, G. H., . . .
Fbirn. (2009). Working memory and DLPFC inefficiency in schizophrenia: the FBIRN
study. Schizophr Bull, 35(1), 19-31. doi:10.1093/schbul/sbn162

Preckel, K., Kanske, P., & Singer, T. (2018). On the interaction of social affect and cognition:
empathy, compassion and theory of mind. Current Opinion in Behavioral Sciences, 19,

1-6.

Price, C. J. (2012). A review and synthesis of the first 20 years of PET and fMRI studies of
heard speech, spoken language and reading. Neuroimage, 62(2), 816-847.
doi:10.1016/j.neuroimage.2012.04.062

Quinlan, J. R. (1986). Induction of decision trees. Machine learning, 1(1), 81-106.
doi:10.1007/bf00116251

Rajarethinam, R. P., DeQuardo, J. R., Nalepa, R., & Tandon, R. (2000). Superior temporal
gyrus in schizophrenia: a volumetric magnetic resonance imaging study. Schizophr Res,

41(2),303-312. doi:10.1016/50920-9964(99)00083-3

Reichenberg, A., Caspi, A., Harrington, H., Houts, R., Keefe, R. S., Murray, R. M., . . . Moffitt,
T. E. (2010). Static and dynamic cognitive deficits in childhood preceding adult
schizophrenia: a 30-year study. Am J Psychiatry, 167(2), 160-169.
doi:10.1176/appi.ajp.2009.09040574

Reichenberg, A., & Harvey, P. D. (2007). Neuropsychological impairments in schizophrenia:
integration of performance-based and brain imaging findings. Psychological bulletin,

133(5), 833.

Ripke, S., Neale, B. M., Corvin, A., Walters, J. T., Farh, K.-H., Holmans, P. A., . . . Huang, H.
(2014). Biological insights from 108 schizophrenia-associated genetic loci. Nature,

511(7510), 421-427.

Ripke, S., O'Dushlaine, C., Chambert, K., Moran, J. L., Kdhler, A. K., Akterin, S., . . .
Publications, C. (2013). Genome-wide association analysis identifies 13 new risk loci

for schizophrenia. Nature Genetics, 45(10), 1150-1159. doi:10.1038/ng.2742



5 REFERENCES 85

Rodriguez, M., Zaytseva, Y., Cvrc¢kova, A., Dvotacek, B., Dorazilova, A., Jonas, J., . . . Mohr,
P. (2019). Cognitive Profiles and Functional Connectivity in First-Episode

Schizophrenia Spectrum Disorders — Linking Behavioral and Neuronal Data. Frontiers

in Psychology, 10(689). doi:10.3389/fpsyg.2019.00689

Rush, A. J.,, Carmody, T., & Reimitz, P. E. (2000). The Inventory of Depressive
Symptomatology (IDS): clinician (IDS-C) and self-report (IDS-SR) ratings of
depressive symptoms. International journal of methods in psychiatric research, 9(2),

45-59.

Rush, A.J., Gullion, C. M., Basco, M. R., Jarrett, R. B., & Trivedi, M. H. (1996). The Inventory
of Depressive Symptomatology (IDS): psychometric properties. Psychol Med, 26(3),
477-486. doi:10.1017/s0033291700035558

Riither, T., Bobes, J., De Hert, M., Svensson, T. H., Mann, K., Batra, A., . . . Mdller, H. J.
(2014). EPA Guidance on tobacco dependence and strategies for smoking cessation in

people  with  mental illness.  European  Psychiatry,  29(2),  65-82.
doi:https://doi.org/10.1016/j.eurpsy.2013.11.002

Sabb, F. W., Bearden, C. E., Glahn, D. C., Parker, D. S., Freimer, N., & Bilder, R. M. (2008).
A collaborative knowledge base for cognitive phenomics. Molecular Psychiatry, 13(4),

350-360. doi:10.1038/sj.mp.4002124

Saha, S., Chant, D., & McGrath, J. (2007). A systematic review of mortality in schizophrenia:
is the differential mortality gap worsening over time? Arch Gen Psychiatry, 64(10),
1123-1131. doi:10.1001/archpsyc.64.10.1123

Sander, D., Grandjean, D., Pourtois, G., Schwartz, S., Seghier, M. L., Scherer, K. R., &
Vuilleumier, P. (2005). Emotion and attention interactions in social cognition: brain

regions involved in processing anger prosody. Neuroimage, 28(4), 848-858.

Sarica, A., Cerasa, A., & Quattrone, A. (2017). Random Forest Algorithm for the Classification
of Neuroimaging Data in Alzheimer's Disease: A Systematic Review. Frontiers in

Aging Neuroscience, 9(329). doi:10.3389/fnagi.2017.00329

Schaefer, J., Giangrande, E., Weinberger, D. R., & Dickinson, D. (2013). The global cognitive
impairment in schizophrenia: consistent over decades and around the world. Schizophr

Res, 150(1), 42-50. doi:10.1016/j.schres.2013.07.009


https://doi.org/10.1016/j.eurpsy.2013.11.002

5 REFERENCES 86

Schmidt, K.-H., & Metzler, P. (1992). WST: Wortschatztest. Weinheim: Beltz Test GmbH.

Schmidt, M. J., & Mirnics, K. (2015). Neurodevelopment, GABA system dysfunction, and
schizophrenia. Neuropsychopharmacology, 40(1), 190-206. doi:10.1038/npp.2014.95

Schmitt, A., Falkai, P., & Schulze, T. G. (2019). Atiologie und Pathogenese. In P. Falkai & A.
Hasan (Eds.), Praxishandbuch Schizophrenie: Diagnostik - Therapie -

Versorgungsstrukturen (pp. 3-11): Elsevier Health Sciences.

Schmitt, A., Hasan, A., Gruber, O., & Falkai, P. (2011). Schizophrenia as a disorder of
disconnectivity. Eur Arch Psychiatry Clin Neurosci, 261 Suppl 2(Suppl 2), S150-154.
doi:10.1007/s00406-011-0242-2

Schmitt, A., Malchow, B., Hasan, A., & Fallkai, P. (2014). The impact of environmental factors
in  severe psychiatric disorders.  Frontiers in  Neuroscience,  8(19).

do1:10.3389/fnins.2014.00019

Schmitt, A., Maurus, 1., Rossner, M. J., Roh, A., Lembeck, M., von Wilmsdorff, M., . . . Falkai,
P. (2018). Effects of Aerobic Exercise on Metabolic Syndrome, Cardiorespiratory

Fitness, and Symptoms in Schizophrenia Include Decreased Mortality. Front

Psychiatry, 9, 690. doi:10.3389/fpsyt.2018.00690

Schnack, H. G., & Kahn, R. S. (2016). Detecting Neuroimaging Biomarkers for Psychiatric
Disorders: Sample Size Matters. Front Psychiatry, 7, 50. doi:10.3389/fpsyt.2016.00050

Schneider, K. (1946). Klinische psychopathologie. Stuttgart: Georg thieme verlag.

Schneider, M., Walter, H., Moessnang, C., Schafer, A., Erk, S., Mohnke, S., ... Tost, H. (2017).
Altered DLPFC-Hippocampus Connectivity During Working Memory: Independent

Replication and Disorder Specificity of a Putative Genetic Risk Phenotype for
Schizophrenia. Schizophr Bull, 43(5), 1114-1122. doi:10.1093/schbul/sbx001

Schwab, S. G., & Wildenauer, D. B. (2013). Genetics of psychiatric disorders in the GWAS
era: an update on schizophrenia. European archives of psychiatry and clinical

neuroscience, 263(2), 147-154. doi:10.1007/s00406-013-0450-z

Seeman, M. V. (2004). Gender differences in the prescribing of antipsychotic drugs. American
Journal of Psychiatry, 161(8), 1324-1333.

Seeman, M. V. (2012). Women and psychosis. Women'’s Health, 8(2), 215-224.



5 REFERENCES 87

Seidman, L. J., Cherkerzian, S., Goldstein, J. M., Agnew-Blais, J., Tsuang, M. T., & Buka, S.
L. (2013). Neuropsychological performance and family history in children at age 7 who

develop adult schizophrenia or bipolar psychosis in the New England Family Studies.
Psychol Med, 43(1), 119-131. doi:10.1017/s0033291712000773

Seidman, L. J., Giuliano, A. J., Meyer, E. C., Addington, J., Cadenhead, K. S., Cannon, T. D.,
... Group, N. A. P. L. S. (2010). Neuropsychology of the Prodrome to Psychosis in the
NAPLS Consortium: Relationship to Family History and Conversion to Psychosis.
Archives of General Psychiatry, 67(6), 578-588.
doi:10.1001/archgenpsychiatry.2010.66

Semple, D. M., McIntosh, A. M., & Lawrie, S. M. (2005). Cannabis as a risk factor for
psychosis: systematic review. Journal of Psychopharmacology, 19(2), 187-194.
doi:10.1177/0269881105049040

Sepede, G., Spano, M. C., Lorusso, M., De Berardis, D., Salerno, R. M., Di Giannantonio, M.,
& Gambi, F. (2014). Sustained attention in psychosis: Neuroimaging findings. World J
Radiol, 6(6),261-273. doi:10.4329/wjr.v6.16.261

Sheehan, D. V., Lecrubier, Y., Sheehan, K. H., Amorim, P., Janavs, J., Weliller, E., . . . Dunbar,
G. C. (1998). The Mini-International Neuropsychiatric Interview (M.LN.L): the

development and validation of a structured diagnostic psychiatric interview for DSM-

IV and ICD-10. J Clin Psychiatry, 59 Suppl 20, 22-33;quiz 34-57.

Sheffield, J. M., & Barch, D. M. (2016). Cognition and resting-state functional connectivity in
schizophrenia. Neurosci Biobehav Rev, 61, 108-120.
doi:10.1016/j.neubiorev.2015.12.007

Shen, C., Popescu, F. C., Hahn, E., Ta, T. T., Dettling, M., & Neuhaus, A. H. (2014).
Neurocognitive pattern analysis reveals classificatory hierarchy of attention deficits in

schizophrenia. Schizophr Bull, 40(4), 878-885. doi:10.1093/schbul/sbt107

Shifman, S., Bronstein, M., Sternfeld, M., Pisanté-Shalom, A., Lev-Lehman, E., Weizman, A.,
... Karp, L. (2002). A highly significant association between a COMT haplotype and
schizophrenia. The American Journal of Human Genetics, 71(6), 1296-1302.



5 REFERENCES 88

Silani, G., Lamm, C., Ruff, C. C., & Singer, T. (2013). Right supramarginal gyrus is crucial to
overcome emotional egocentricity bias in social judgments. Journal of neuroscience,

33(39), 15466-15476.

Silver, H., & Feldman, P. (2005). Evidence for sustained attention and working memory in
schizophrenia sharing a common mechanism. The Journal of Neuropsychiatry and

Clinical Neurosciences, 17(3), 391-398.

Smith, S. M. (2002). Fast robust automated brain extraction. Hum Brain Mapp, 17(3), 143-155.
doi:10.1002/hbm.10062

Snitz, B. E., Macdonald, A. W., 3rd, & Carter, C. S. (2006). Cognitive deficits in unaffected
first-degree relatives of schizophrenia patients: a meta-analytic review of putative

endophenotypes. Schizophr Bull, 32(1), 179-194. doi:10.1093/schbul/sbi048

Snyder, H. R., Miyake, A., & Hankin, B. L. (2015). Advancing understanding of executive
function impairments and psychopathology: bridging the gap between clinical and

cognitive approaches. Frontiers in Psychology, 6(328). doi:10.3389/fpsyg.2015.00328

Sohlberg, M. M., & Mateer, C. A. (1989). Introduction to cognitive rehabilitation: Theory and

practice.

Sommer, ., Ramsey, N., & Kahn, R. (2001). Language lateralization in schizophrenia, an fMRI
study. Schizophrenia Research, 52(1-2), 57-67.

Stefansson, H., Sigurdsson, E., Steinthorsdottir, V., Bjornsdottir, S., Sigmundsson, T., Ghosh,
S., ... Stefansson, K. (2002). Neuregulin 1 and susceptibility to schizophrenia. Am J
Hum Genet, 71(4), 877-892. doi:10.1086/342734

Stone, J. M., Morrison, P. D., & Pilowsky, L. S. (2007). Glutamate and dopamine dysregulation

in schizophrenia--a synthesis and selective review. J Psychopharmacol, 21(4), 440-

452. doi:10.1177/0269881106073126

Sullivan, P. F., Kendler, K. S., & Neale, M. C. (2003). Schizophrenia as a complex trait:
evidence from a meta-analysis of twin studies. Archives of General Psychiatry, 60(12),

1187-1192.

Suzuki, M., Zhou, S. Y., Takahashi, T., Hagino, H., Kawasaki, Y., Niu, L., . . . Kurachi, M.
(2005). Differential contributions of prefrontal and temporolimbic pathology to
mechanisms of psychosis. Brain, 128(Pt9), 2109-2122. doi:10.1093/brain/awh554



5 REFERENCES 89

Suzuki, T. (2011). Which rating scales are regarded as 'the standard' in clinical trials for

schizophrenia? A critical review. Psychopharmacology bulletin, 44(1), 18-31.

Talamini, L. M., Meeter, M., Elvevag, B., Murre, J. M., & Goldberg, T. E. (2005). Reduced
parahippocampal connectivity produces schizophrenia-like memory deficits in
simulated neural circuits with reduced parahippocampal connectivity. Arch Gen

Psychiatry, 62(5), 485-493. doi:10.1001/archpsyc.62.5.485

Talpalaru, A., Bhagwat, N., Devenyi, G. A., Lepage, M., & Chakravarty, M. M. (2019).
Identifying schizophrenia subgroups using clustering and supervised learning.

Schizophrenia Research, 214, 51-59. doi:https://doi.org/10.1016/j.schres.2019.05.044

Tandon, N., & Tandon, R. (2019). Using machine learning to explain the heterogeneity of
schizophrenia. Realizing the promise and avoiding the hype. Schizophrenia Research,

214, 70-75. doi:https://doi.org/10.1016/j.schres.2019.08.032

Tandon, R. (2012). The nosology of schizophrenia: toward DSM-5 and ICD-11. Psychiatric
Clinics, 35(3), 557-5609.

Tewes, U. (1994). HAWIE-R: Hamburg-Wechsler-Intelligenztest fiir Erwachsene, Revision
1991 ; Handbuch und Testanweisung: Huber.

Ting, K. M. (2017). Confusion Matrix. In C. Sammut & G. I. Webb (Eds.), Encyclopedia of
Machine Learning and Data Mining (pp. 260-260). Boston, MA: Springer US.

Tombaugh, T. (2004). Trail Making Test A and B: Normative data stratified by age and
education. Archives of Clinical Neuropsychology, 19(2), 203-214. doi:10.1016/s0887-
6177(03)00039-8

Tulving, E., & Markowitsch, H. J. (1998). Episodic and declarative memory: role of the
hippocampus. Hippocampus, 8(3), 198-204.

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., .
.. Joliot, M. (2002). Automated anatomical labeling of activations in SPM using a
macroscopic anatomical parcellation of the MNI MRI single-subject brain.

Neuroimage, 15(1), 273-289. doi:10.1006/nimg.2001.0978

van Erp, T. G. M., Walton, E., Hibar, D. P., Schmaal, L., Jiang, W., Glahn, D. C., . . . Turner,
J. A. (2018). Cortical Brain Abnormalities in 4474 Individuals With Schizophrenia and
5098 Control Subjects via the Enhancing Neuro Imaging Genetics Through Meta


https://doi.org/10.1016/j.schres.2019.05.044
https://doi.org/10.1016/j.schres.2019.08.032

5 REFERENCES 90

Analysis  (ENIGMA)  Consortium.  Biol  Psychiatry, 84(9), 644-654.
doi:10.1016/j.biopsych.2018.04.023

van Haren, N. E., Schnack, H. G., Cahn, W., van den Heuvel, M. P., Lepage, C., Collins, L., .
.. Kahn, R. S. (2011). Changes in cortical thickness during the course of illness in
schizophrenia. Arch Gen Psychiatry, 68(9), 871-880.
doi:10.1001/archgenpsychiatry.2011.88

Varese, F., Smeets, F., Drukker, M., Lieverse, R., Lataster, T., Viechtbauer, W., . . . Bentall,
R. P. (2012). Childhood Adversities Increase the Risk of Psychosis: A Meta-analysis
of Patient-Control, Prospective- and Cross-sectional Cohort Studies. Schizophr Bull,

38(4), 661-671. doi:10.1093/schbul/sbs050

Vaskinn, A., Ueland, T., Melle, 1., Agartz, I., Andreassen, O. A., & Sundet, K. (2014).
Neurocognitive decrements are present in intellectually superior schizophrenia.

Frontiers in Psychiatry, 5, 45.

Vassos, E., Pedersen, C. B., Murray, R. M., Collier, D. A., & Lewis, C. M. (2012). Meta-
analysis of the association of urbanicity with schizophrenia. Schizophr Bull, 38(6),

1118-1123. doi:10.1093/schbul/sbs096

Veling, W., Pot-Kolder, R., Counotte, J., van Os, J., & van der Gaag, M. (2016). Environmental
Social Stress, Paranoia and Psychosis Liability: A Virtual Reality Study. Schizophr
Bull, 42(6), 1363-1371. doi:10.1093/schbul/sbw031

Walinder, J., Skott, A., Carlsson, A., & Roos, B. E. (1976). Potentiation by metyrosine of
thioridazine effects in chronic schizophrenics. A long-term trial using double-blind
crossover technique. Arch Gen Psychiatry, 33(4), 501-505.
doi:10.1001/archpsyc.1976.01770040061011

Watts, C. A. (1985). A long-term follow-up of schizophrenic patients: 1946-1983. J Clin
Psychiatry, 46(6), 210-216.

Weinberger, D. R. (1987). Implications of normal brain development for the pathogenesis of

schizophrenia. Archives of General Psychiatry, 44(7), 660-669.

Weiss, E. M., Golaszewski, S., Mottaghy, F. M., Hofer, A., Hausmann, A., Kemmler, G., . . .
Wolfgang Fleischhacker, W. (2003). Brain activation patterns during a selective

attention test—a functional MRI study in healthy volunteers and patients with



5 REFERENCES 91

schizophrenia. Psychiatry Research: Neuroimaging, 123(1), 1-15.
doi:https://doi.org/10.1016/S0925-4927(03)00019-2

Whiteford, H. A., Degenhardt, L., Rehm, J., Baxter, A. J., Ferrari, A. J., Erskine, H. E., . . .
Vos, T. (2013). Global burden of disease attributable to mental and substance use
disorders: findings from the Global Burden of Disease Study 2010. Lancet, 382(9904),
1575-1586. doi:10.1016/s0140-6736(13)61611-6

WHO. (1993). The ICD-10 classification of mental and behavioural disorders: diagnostic
criteria for research (Vol. 2): World Health Organization.

Wilk, C. M., Gold, J. M., Humber, K., Dickerson, F., Fenton, W. S., & Buchanan, R. W. (2004).
Brief cognitive assessment in schizophrenia: normative data for the Repeatable Battery

for the Assessment of Neuropsychological Status. Schizophrenia Research, 70(2), 175-
186. doi:https://doi.org/10.1016/].schres.2003.10.009

Wilk, C. M., Gold, J. M., McMahon, R. P., Humber, K., Iannone, V. N., & Buchanan, R. W.
(2005). No, it is not possible to be schizophrenic yet neuropsychologically normal.

Neuropsychology, 19(6), 778.

Williams, G. V., & Goldman-Rakic, P. S. (1995). Modulation of memory fields by dopamine
DI receptors in prefrontal cortex. Nature, 376(6541), 572-575.

Wolf, D. H., Gur, R. C., Valdez, J. N., Loughead, J., Elliott, M. A., Gur, R. E., & Ragland, J.
D. (2007). Alterations of fronto-temporal connectivity during word encoding in
schizophrenia. Psychiatry Res, 154(3), 221-232.
doi:10.1016/j.pscychresns.2006.11.008

Woodberry, K. A., Giuliano, A. J., & Seidman, L. J. (2008). Premorbid IQ in schizophrenia: a
meta-analytic review. Am J Psychiatry, 165(5), 579-587.
doi:10.1176/appi.ajp.2008.07081242

Wright, M. N., Dankowski, T., & Ziegler, A. (2017). Unbiased split variable selection for
random survival forests using maximally selected rank statistics. Statistics in medicine,

36(8), 1272-1284.

Whylie, K. P., & Tregellas, J. R. (2010). The role of the insula in schizophrenia. Schizophr Res,
123(2-3), 93-104. doi:10.1016/j.schres.2010.08.027


https://doi.org/10.1016/S0925-4927(03)00019-2
https://doi.org/10.1016/j.schres.2003.10.009

5 REFERENCES 92

Yamasue, H., Iwanami, A., Hirayasu, Y., Yamada, H., Abe, O., Kuroki, N., . . . Kasai, K.
(2004). Localized volume reduction in prefrontal, temporolimbic, and paralimbic
regions in schizophrenia: an MRI parcellation study. Psychiatry Res, 131(3), 195-207.
doi:10.1016/j.pscychresns.2004.05.004

Zai, G., Robbins, T. W., Sahakian, B. J., & Kennedy, J. L. (2017). A review of molecular
genetic studies of neurocognitive deficits in schizophrenia. Neurosci Biobehav Rev, 72,

50-67. doi:10.1016/j.neubiorev.2016.10.024

Zhang, L., Qiao, L., Chen, Q., Yang, W., Xu, M., Yao, X., . .. Yang, D. (2016). Gray Matter
Volume of the Lingual Gyrus Mediates the Relationship between Inhibition Function

and Divergent Thinking. Frontiers in Psychology, 7(1532).
doi:10.3389/fpsyg.2016.01532

Zhang, W.-N., Chang, S.-H., Guo, L.-Y., Zhang, K.-L., & Wang, J. (2013). The neural
correlates of reward-related processing in major depressive disorder: A meta-analysis

of functional magnetic resonance imaging studies. Journal of Affective Disorders,

151(2), 531-539. doi:https://doi.org/10.1016/j.jad.2013.06.039

Zhang, W., Sweeney, J. A., Yao, L., Li, S., Zeng, J., Xu, M., . . . Nery, F. G. (2020). Brain
structural correlates of familial risk for mental illness: a meta-analysis of voxel-based
morphometry studies in relatives of patients with psychotic or mood disorders.

Neuropsychopharmacology, 45(8), 1369-1379. doi:10.1038/s41386-020-0687-y

Zhang, Y., Brady, M., & Smith, S. (2001). Segmentation of brain MR images through a hidden
Markov random field model and the expectation-maximization algorithm. /EEE Trans

Med Imaging, 20(1), 45-57. doi:10.1109/42.906424

Zheng, W., Zhang, Q. E., Cai, D. B., Ng, C. H., Ungvari, G. S., Ning, Y. P., & Xiang, Y. T.
(2018). Neurocognitive dysfunction in subjects at clinical high risk for psychosis: A
meta-analysis. J Psychiatr Res, 103, 38-45. doi:10.1016/].jpsychires.2018.05.001

Zheutlin, A. B., Chekroud, A. M., Polimanti, R., Gelernter, J., Sabb, F. W., Bilder, R. M., . ..
Cannon, T. D. (2018). Multivariate Pattern Analysis of Genotype—Phenotype
Relationships  in  Schizophrenia.  Schizophr  Bull,  44(5),  1045-1052.
doi:10.1093/schbul/sby005


https://doi.org/10.1016/j.jad.2013.06.039

5 REFERENCES 93

Zielasek, J., & Gaebel, W. (2018). [Schizophrenia and other primary psychotic disorders in
ICD-11]. Fortschr Neurol Psychiatr, 86(3), 178-183. doi:10.1055/s-0044-101832

Zielasek, J., Hasan, A., & Gaebel, W. (2019). Diagnose und Differenzialdiagnose, Verlauf und
Prognose. In P. Falkai & A. Hasan (Eds.), Praxishandbuch Schizophrenie: Diagnostik
- Therapie - Versorgungsstrukturen (pp. 71-93): Elsevier Health Sciences.



APPENDIX A: 94
Appendix A:
Nr AAL label Brain Region
1. Precentral_L Precental gyrus (left)
2. Precentral_R Precental gyrus (right)
3. Frontal_Sup_L Superior frontal gyrus, dorsolateral (left)
4. Frontal_Sup_R Superior frontal gyrus, dorsolateral (right)
S. Frontal_Sup_Orb_L Superior frontal gyrus, orbital part (left)
6. Frontal_Sup_Orb_R Superior frontal gyrus, orbital part (right)
7. Frontal Mid_L Middle frontal gyrus (left)
8. Frontal Mid_R Middle frontal gyrus (right)
9. Frontal Mid_Orb_L Middle frontal gyrus, orbital part (left)
10.  Frontal_Mid_Orb_R Middle frontal gyrus, orbital part (right)
11.  Frontal Inf Oper_L Inferior frontal gyrus, opercular part (left)
12.  Frontal Inf Oper_R Inferior frontal gyrus, opercular part (right)
13.  Frontal_Inf Tri_L Inferior frontal gyrus, triangular part (left)
14.  Frontal_Inf Tri_R Inferior frontal gyrus, triangular part (right)
15.  Frontal_Inf Orb_L Inferior frontal gyrus, orbital part (left)
16.  Frontal_Inf Orb_R Inferior frontal gyrus, orbital part (right)
17.  Rolandic_Oper_L Rolandic operculum (left)
18.  Rolandic_Oper_R Rolandic operculum (right)
19.  Supp_Motor_Area_L Supplementary motor area (left)
20.  Supp_Motor_Area_R Supplementary motor area (right)
21.  Olfactory_L Olfactory cortex (left)
22. Olfactory_R Olfactory cortex (right)
23.  Frontal_Sup_Medial_L.  Superior frontal gyrus, medial (left)
24.  Frontal_Sup_Medial_ R  Superior frontal gyrus, medial (right)
25.  Frontal_Mid_Orb_L Superior frontal gyrus, medial orbital (left)
26. Frontal Mid Orb R Superior frontal gyrus, medial orbital (right)
27. Rectus_L Gyrus rectus (left)
28. Rectus_R Gyrus rectus (right)
29. Insula_L Insula (left)
30. Insula_R Insula (right)
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31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42,
43.
44.
45.
46.
47.
48.
49.
50.
S1.
52.
53.
54.
SS.
56.
57.
58.
59.
60.
61.

Cingulum_Ant_L
Cingulum_Ant_R
Cingulum_Mid_L
Cingulum_Mid_R
Cingulum_Post_L
Cingulum_Post_R
Hippocampus_L
Hippocampus_R
ParaHippocampal _L
ParaHippocampal _R
Amygdala_L
Amygdala_R
Calcarine_L
Calcarine_R
Cuneus_L

Cuneus_R
Lingual _L
Lingual_R
Occipital_Sup_L
Occipital_Sup_R
Occipital_Mid_L
Occipital_Mid_R
Occipital_Inf_L
Occipital_Inf_R
Fusiform L
Fusiform R
Postcentral L
Postcentral R
Parietal_Sup_L
Parietal_Sup_R
Parietal_Inf L

Anterior cingulate and paracingulate gyri (left)
Anterior cingulate and paracingulate gyri (right)
Median cingulate and paracingulate gyri (left)
Median cingulate and paracingulate gyri (right)
Posterior cingulate gyrus (left)

Posterior cingulate gyrus (right)

Hippocampus (left)

Hippocampus (right)

Parahippocampal gyrus (left)

Parahippocampal gyrus (right)

Amygdala (left)

Amygdala (right)

Calcarine fissure and surrounding cortex (left)
Calcarine fissure and surrounding cortex (right)
Cuneus (left)

Cuneus (right)

Lingual gyrus (left)

Lingual gyrus (right)

Superior occipital gyrus (left)

Superior occipital gyrus (right)

Middle occipital gyrus (left)

Middle occipital gyrus (right)

Inferior occipital gyrus (left)

Inferior occipital gyrus (right)

Fusiform gyrus (left)

Fusiform gyrus (right)

Postcentral gyrus (left)

Postcentral gyrus (right)

Superior parietal gyrus (left)

Superior parietal gyrus (right)

Inferior parietal, but supramarginal and angular

gyri (left)
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62.

63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
8s.
86.
87.
88.
89.
90.
91.
92.
93.

Parietal Inf R

SupraMarginal_L
SupraMarginal_R
Angular_L
Angular_R
Precuneus_L
Precuneus_R
Paracentral Lobule L
Paracentral Lobule R
Caudate L
Caudate_R
Putamen_L
Putamen_R
Pallidum_L
Pallidum_R
Thalamus_L

Thalamus_R

Heschl_L

Heschl_R
Temporal_Sup_L
Temporal_Sup_R
Temporal_Pole_Sup_L
Temporal_Pole_Sup_R
Temporal_Mid_L
Temporal_Mid_R
Temporal_Pole_Mid_L
Temporal_Pole_Mid_R
Temporal_Inf_L
Temporal_Inf_R
Cerebelum_Crusl L

Cerebelum_Crusl_R

Cerebelum_Crus2_L

Inferior parietal, but supramarginal and angular
gyri (right)

Supramarginal gyrus (left)

Supramarginal gyrus (right)

Angular gyrus (left)

Angular gyrus (right)

Precuneus (left)

Precuneus (right)

Paracentral lobule (left)

Paracentral lobule (right)

Caudate nucleus (left)

Caudate nucleus (right)

Lenticular nucleus, putamen (left)

Lenticular nucleus, putamen (right)
Lenticular nucleus, pallidum (left)

Lenticular nucleus, pallidum (right)
Thalamus (left)

Thalamus (right)

Heschl gyrus (left)

Heschl gyrus (right)

Superior temporal gyrus (left)

Superior temporal gyrus (right)

Temporal pole: superior temporal gyrus (left)
Temporal pole: superior temporal gyrus (right)
Middle temporal gyrus (left)

Middle temporal gyrus (right)

Temporal pole: middle temporal gyrus (left)
Temporal pole: middle temporal gyrus (right)
Inferior temporal gyrus (left)

Inferior temporal gyrus (right)

Crus I of cerebellar hemisphere (left)

Crus I of cerebellar hemisphere (right)

Crus II of cerebellar hemisphere (left)
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94.

9s.

96.

97.

98.

99.

100.
101.
102.
103.
104.
10sS.
106.
107.
108.
109.
110.
111.
112.
113.
114.
115.
116.

Cerebelum_Crus2_Rs
Cerebelum_3 L
Cerebelum_3_R
Cerebelum 4 5 L
Cerebelum_4 5 R
Cerebelum_6_L
Cerebelum_6_R
Cerebelum_7b_L
Cerebelum_7b_R
Cerebelum_8 L
Cerebelum_8 R
Cerebelum_9_L
Cerebelum_9 R
Cerebelum_10 L
Cerebelum_10_R
Vermis_1_2
Vermis_3
Vermis 4 5
Vermis_6
Vermis_7
Vermis_8
Vermis_9

Vermis_10

Crus II of cerebellar hemisphere (right)
Lobule III of cerebellar hemisphere (left)
Lobule III of cerebellar hemisphere (right)
Lobule IV, V of cerebellar hemisphere (left)
Lobule IV, V of cerebellar hemisphere (right)
Lobule VI of cerebellar hemisphere (left)
Lobule VI of cerebellar hemisphere (right)
Lobule VIIB of cerebellar hemisphere (left)
Lobule VIIB of cerebellar hemisphere (right)
Lobule VIII of cerebellar hemisphere (left)
Lobule VIII of cerebellar hemisphere (right)
Lobule IX of cerebellar hemisphere (left)
Lobule IX of cerebellar hemisphere (right)
Lobule X of cerebellar hemisphere (left)
Lobule X of cerebellar hemisphere (right)
Lobule I, II of vermis

Lobule III of vermis

Lobule IV, V of vermis

Lobule VI of vermis

Lobule VII of vermis

Lobule VIII of vermis

Lobule IX of vermis

Lobule X of vermis
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Appendix B:

Random Forest Classification Parameters:

e  bootstrap=True

e class_weight=None

e criterion='gini'

e max_depth=20

e max_features='auto'

e max_leaf nodes=None

e  min_impurity_decrease=0.0
e  min_impurity_split=None

e min_samples_leaf=1

e min_samples_split=2

e min_weight_fraction_leaf=0.0
e n_estimators=380

e 1n_jobs=None

e o0b_score=False

e random_state=12

e verbose=0

e warm_start=False
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